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Chapter 1

Introduction

By de nition all scientists are data scientists. In my opinion,

they are half hacker, half analyst, they use data to build products
and nd insights. It's Columbus meet Columbo starry-eyed
explorers and skeptical detectives.

Monica Rogati

In a world where reliable information is becoming increasingly imporant but also
needs to be available more and more quickly, exible and accurate forexsting techniques
are indisputably relevant. Forecasting is the procedure of making pedictions about
future tendencies and events using past records. The approaches rg@ from more or
less elaborated guesses to advanced statistical methods all the way up state-of-the-art
techniques using massive data sets, arti cial intelligence, and ast amounts of resources.
Even though predictions are an excellent basis for quali ed decisiommaking, the analysis
of causal relationships should not be neglected either, as it is a cergl component for
the conception and elaboration of the next course of action. Causal analysis geires a
controlled environment, and there are no better methods than conduting experiments.
The increasing digitalization has also opened up new possibilities fathe implementation of
experiments. Over time, a variety of platforms have been establised that are successfully
used by economists. Some well-known names are Amazon MTurk and Proli cywhich were
also used in this thesis. This dissertation consists mostly of thre projects that can be
assigned to two parts, each with a shared general topic. The rst part cosists of Chapter 2,
which presents a glimpse at selected methods, and Chapter 3, whiabutlines the results of
the rst project in the eld of forecasting.

The rst project aimed to nd a new approach to predict supply curv es based on
historical data by a highly specialized neural network. Such supplycurves typically emerge
from auctions in the German balancing market. The balancing market is an esential part
of the energy market and the energy security's cornerstone. The undbying idea of the
presented method is to model curves as sequences and utilize antiopized recurrent neural
network for sequence-to-sequence prediction while imposing an amtegressive structure on
the input data. In an application to the German balancing power market, the proposed
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method provides more accurate forecasts than classical or functional datforecasting
approaches. The presented approach also allows addressing the problgrof varying
sequence lengths and irregularly spaced observation periods. It carasily be extended
to other elds or augmented for the inclusion of covariates. Besides tht, it provides the
appealing feature of visualizing the operating mode of a machine learng method in the
form of an attention plot.

The second part of the dissertation presents the results of the econoimexperiments
conducted in the second and the third project. The most signi cant advantage of using
experiments to measure economic and social behavior (rather than pety observational
data) is that the direct impact of one or more factors can be identi ed becawse of the
randomization and controlled environment. Conducting economic expernents is also
subject to speci ¢ international standards. These include givingthe participant monetary
incentives and avoiding any form of deception. Also, all manuals, questinnaires, and
protocols of the experimental procedure are published upon publation of the project
and are generally accessible. This ensures that the experimental ried is transparent
and allows for replication and veri cation of the studies by other research groups. The
experimental method is recognized as the gold standard in collectingdata on social and
economic behavior, as also evinced by the award of the Nobel Prize to ecomists for their
research with economic experiments.

Chapter 4 presents the results of the second project. The projés goal was to study
the role of round numbers in bargaining situations. Recent years haveeen a growing
body of literature on the e ect of round numbers in decision-making. This study focuses
on whether this e ect can be explained by preferences for round nufmers (round-number
bias) or by their role as a solution for a coordination problem (focal point). To this end,
it is analyzed how these two channels relate to round-number clugrs in observational
and experimental data on price negotiations. It was hypothesized that fager decisions
and higher acceptance frequencies result from a round-number biagcal points, or both.
In a rst step, using data from Backus et al. (2020), it is found that a large fraction of
successful negotiations end with round prices and that round pricesarrelate with faster
agreements. In a second step, an experiment to disentangle the chaels is designed. The
study was conducted on Amazon MTurk and con rms that round numbers are assciated
with quicker decisions. Moreover, evidence for the relevance ofdith channels - bias and
focal points is found.

Chapter 6 presents the results of the third project. The object ofthe project was
to understand how much of the di erences in the behavior of men and wmen often
found in the economic literature can really be associated with gender aspposed to an
individual's sex. This question is investigated by using well known behavioral economic
experiments in the domain of competitiveness, risky choices, and &bism. Gender has
come out to be a key factor explaining di erences in behavior. This poject follows a
systematic approach to test for gender and sex di erences in behaviorAn experiment is

2
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conducted where rst correlations of gender and sex with competitiveess, risk taking,
and altruism are analyzed by comparing decisions of cisgender (cismen @rciswomen)
and transgender (transmen and transwomen) individuals. Second, the grticipants are
primed with either a masculine or a feminine gender identity. By subconsciously activating
a gender, a causality between gender and behavior in our sample of cis- dtransgender
participants can be established. It is hypothesized that if gender &nd not sex) is indeed a
primary factor for decision making, (i) individuals of the same gender (and di erent sex,
i.e., ciswomen/transwomen and cismen/transmen) make similar decisins, and decisions
signi cantly di er when gender di ers (and sex is the same, i.e., cismen/transwomen and
ciswomen/transmen), and (ii) priming changes behavior.

The dissertation is structured as follows. Chapter 2 covers seléed aspects of the
methodology. Chapter 3 presents the rst project. Chapter 4 provides the results of the
second project. Chapter 5 gives an introduction to the literature ongender di erences.
Chapter 6 describes the third project. Finally, Chapter 7 concludes.
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Chapter 2

Methodology

We live in a world of big data that empowers businesses, organizationgnd people to make
data-driven decisions intentionally or unintentionally. Modern d evices record activities
twenty-four hours, seven days a week, regardless of the activitiemnalogous or digital
nature. Smartphones track our hiking routes or collect our search histoy on the web.
Smart home furniture listens to us and abides by our spoken commands. Ae daily life
examples highlight the vast number of data sources and the need for metids to handle
big data. The data are commonly stored as time series. Of course, time ges are not only
found in everyday situations but also in the economic world, e.g., as maet indicators,
sales numbers, or stock prices.

This chapter introduces a selection of methods that were used intte subsequent chapters.
They allow handling particular forms of data. Section 2.1 is dedicated tobringing discrete
observations into a smoothed form and provides a short application. Seion 2.2 brie y
discusses test procedures when the data is not recorded as expedt The informed reader
is free to skip these sections and start directly with chapter Chaper 3.

2.1 From discrete observations to smooth curves

As real-world observations almost always include some form of obstacles, gearchers have
to make sure that the data meets all requirements for the methods tley want to apply.

For example, suppose an investor has been watching some stocks on the rkeir for several

years. However, since the enterprising investor does not have & much time, he only

looks at the current price once every day. The prices for one stockver time form a time

series. The collection of all these time series and, therefore all ®tks could be a functional
data set. Ramsay (1982) and Ramsay and Dalzell (1991) coined the terrfunctional data

analysis (FDA) that operates on such data sets. It assumes that the data are obsenakin

functional form. However, since information is commonly collected disretely over time

(e.g., daily as in the stock price example) and probably also includesoise, the rst step of

FDA is smoothing, turning the observed data into smooth curves.

5
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2.1.1 Basis functions

One popular method isB-Spline smoothingwhich requires an introduction to basis function
systems and spline functions. An excellent reference is De BooRQ01). In this context, a
smooth function is a function that possesses one or more derivatives. i goal is to nd a
smooth function g for y = g(x) in the case that only n discrete data points of the form
(xj;yi) for i =1;:::;n are observed.

Ramsay and Silverman (2005) de ne a basis function system asa set of known functions
that are mathematically independent of each other and that have thergperty [...] (to)
approximate arbitrarily well any function by taking a weighted sum olinear combination
of a su ciently large number J of these functions(p.43). Hence, with this property, a
linear combination of J basis functions can represent the function looked for. If the numbe
of basis functions equals the number of observationsJ(= n) it is called interpolation. In
the other case § <n), it is named smoothing So, the smoothing depends on the number
of basis functions and the choice of their form.

There are multiple forms of basis functions. Besides the Fourier, plynomial, exponential,
and power bases, thespline basisis a widespread choice. The term spline refers to a long
and exible strip of wood, plastic, or metal that draftsmen used to draw a smooth curve
by xing the strip at speci ¢ points and bending it in between. Th e aim is to approximate
g(x) over the interval [ o; L]. Additionally, there are L 1 knots | with | =1;:::;L 1
that separate the interval [ o; (] in L subintervals. Over each interval, the m-order spline
is a polynomial of degreem 1. The degree refers to the polynomial's highest power.
Let =( o; 1;:::; L 1, L) be the non-decreasing knot sequence, wherg and | are
referred to as boundary knots or endpoints. So, a spline is de ned byts order m and the
knot sequence .

It should be noted that multiples, sums, and di erences of a splinefunction remain a
spline function. So, a basis function system of spline functions ectively remains a spline
function. Splines are restricted twofold. First, for m > 1, adjacent polynomials have to join
up smoothly at breakpoints, so that their function values are equal. Seond, derivatives up
to order m 1 have to be equal at these breakpoints.

De Boor (2001) denotes for a given knot sequence and the knot j the corresponding
j -th B-spline of order k by Bjx . For k =1, the rst-order B-Spline is given by

8
2 1, if ) X< 1,

Bj;l(x) = S (21)
-0 else

: " o P
TheseBj;1(x) are constrained to form a partition of unity, i.e., = Bj;1(x) = 1. In other
words, if two adjacent knots are identical, the B-Spline consists of eros,

p= jq b Bpux)=0: (2.2)
For k-order B-Splines with k > 1, the following recurrence relation can be used,

6
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Bjxk (X) = Wik Bjx 1(X)+ (1 Wj+1:k)Bj+1x 1(X); (2.3)
with
. X j
Wik () == ———— (2.4)
j+k 1 j

Let K be the highest order of the B-splines, then there arel = K + L 1 basis
functions, and the spline function based on B-splines to approximat the target function is
given by

X
g(x) = G Bjk (X); (2.5)
j=1
where ¢; are coe cients corresponding to each B-spline.

An illustration is in order. For the online streaming platform twitch.tv , Table 2.1
reports the average, rounded numbers of viewers on each weekday for 14Beamers for a
two-year period. A streamer is an individual who shares his/hers compter screen with an
online audience and engages in interactive chats. Details on this uniqudata set can be
found in Box 1.

Table 2.1. Example: Average number of viewers per weekday.

Weekday Mon Tue Wed Thu Fri Sat  Sun

Index (x) 1 2 3 4 5 6 7
Number of viewers fy) 1519 1760 1814 1874 1573 1436 1322

Note: The number of viewers is the average number for 143 streamers who prioled
content for one selected topic on twitch.tv from 2016 to 2018.

Since the construction of B-splines depends on the knot sequencie, the very rst step,
we need to take a closer look at the form of . Looking at Table 2.1, it almost occurs
naturally that  should include all observed values ok. As brie y discussed later for
p-Splines, in Section 2.1.3, this approach yields useful propertiesand on the practical side,
it is easy to implement and circumvents the discussion over a reasable knot placement.
In principle, the knots can be placed as required for the application,e.g., multiple knots at
higher curvature, equally or unequally spaced knots, or many and few kn&. Therefore, in
this exemplary application, the boundary knots are set to the additional indices 0.5 and
7.5. This shifts the center of the day to the integer indices due tothe assumption that the
curve is continuous in time.

~ Box 1: twitch.tv ~

twitch.tv is the leading platform for streaming services and was laurched on June 6,
2011. Amazon bought it for $970 million in 2014, and its headquarters is based in San
Francisco, CA. The website Alexa.com ranks twitch.tv 20th in Germany and 37th
globally on 2021/09/24 based on a combination of average daily visitors and pageviews
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over the past month. According to twitch.tv, more than 7 million uni que creators
stream each month, and the website is visited by more than 30 million \gitors daily
on average. Moreover, just for 2020, the platform reports that viewers watckd one
trillion minutes.

On twitch.tv, streamers share their computer screen with an audi@ce of viewers
via the internet. Registering is free of charge, and the audience caimteract with the
streamer by chat while the streamer commonly shares webcam footage and es a
microphone to talk with the viewers. In addition, viewers can opt to follow streamers
to receive constant updates or purchase a paid subscription to suppbthem nancially.

The primary measure of success in the entertainment industry is lhe audience
rating. The number of viewers crucially determines how attractive a show is and how
many people are willing to spend their time and attention on it. Creators compete
for viewers by ashy channel labels, creative hints about the stream$ quality, or by
incentivizing with o ering giveaways, besides many more method. Hence, it is also
an attractive eld for research in economic behavior.

The website SullyGnom.comcreated and maintained by David records activities on
twitch.tv and has provided aggregated data since 2015. With David's help,l collected
a unique data set for the period of 2016/05/24 to 2018/06/30 for 143 streamers and
their audience size, amounting ton = 543; 850 observations with a resolution of 15

min if a stream was active.

k J

To formally summarize, the example consists oin = 7 observations. We approx-
imate the function on the interval [0:5;7:5], which covers the index, x, from 1 to 7.
At each data point and the boundaries a knot is placed, leading to the knotsequence

= (0:5;1;2;3;4,5;6;7,7:5). So, there areL = 8 subintervals between ¢ = 0:5 and
L = 7:5. We use cubic B-splines, i.e., the order i« =4, and the degree isK 1 =3,
so piecewise cubic polynomials cover the intervals. The number dbasis functions is
J=4+8 1=11.

The procedure to obtain the basis function consists of three stepsln the rst step, the
knot sequence is extended by adding the boundary knots as many times dke degree of
the B-spline. So, the knot ¢ is prepended to the knot sequence, and the last knot,, , is
appendedK 1 times. In the example, this leads to,

=(0:5,0:5,0:5; 05;1,2,3,4,5,6,7;, 75, 75,75, 7:5):

This extension accounts for the fact that the function may be disconthuous beyond the
boundaries. The restrictions on the splines normalize the derivatres to 0, and taking
a closer look at the denominator of Eqg. (2.4) the lastK 1 repeated boundary knots
guarantee the computability of the weight, ! j .

The following steps go along the sequenck = 1;::;; K and form an iterative process.
In the second step, the rst-order B-splines k = 1) de ned in Eq. (2.1) are computed.

8
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These B-splines form step functions equaling 1 over the interval between two knots and O
otherwise. A visualization of the basis functions helps to follow?

In Fig. 2.1, the top panel shows the step function,B>.; for the time between Monday
and Tuesday in Table 2.1. The B-splines for the remaining seven intwals between the
dotted lines are constructed the same way.
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Figure 2.1. Basis functions.

Note: The top panel shows the 2nd of the J = 8 rst-order B-spline ( k = 1) basis functions, Bj; 1(x), de ned
in Eg. (2.1). The dot marks the included point while the circle the excluded p oint. The bottom panel
shows the J = 11 fourth-order or cubic B-spline ( k = 4) basis functions, Bj; 4(x). The knot sequence, , is
identical for both panels. The dashed lines mark the knots. The coloring highli ghts the j -th B-spline basis
function. All basis functions are evaluated on points equally-spaced by 0.05 over [ o =0:5;7:5= ].

In the last and third step, the recurrence relation described in K. (2.3) for k > 1 is
iteratively applied to the previously constructed step functions. The application of Eq. (2.3)
is repeatedK 1 times and allows to obtain the J = 11 cubic B-spline basis functions,
which are shown in the bottom panel of Fig. 2.1.

The bottom panel of Fig. 2.1 allows to highlight a few characteristics. Fist, the vigilant
reader might have noticed that the construction of the basis functionsonly depends onx
and the knots, and so far,y is not included. This will be the topic covered in the next
section. Secondly, the basis functions are non-negative over the wimlinterval between

IThere are abundant possibilities to work with splines as they are implemente d in any major mathematical
or statistical software tool. For example, the advances and applicati on in medical research and biostatistics
led to a recent overview by Perperoglou et al. (2019) for R However, | provide a short routine to illustrate
the procedures since the actual calculations are deeply nested within sub-routines or other packages for
e cient programming and computing reasons. It is online reachable by Link, or Online (2022k).
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the boundary knots. Moreover, each basis function is non-zero for at mosK adjacent
intervals. So, it has compact support. Thirdly, for each point, the function values of the
basis functions add up to 1. This follows from the construction of the bag function and
the restriction to form a partition of unity. Fourthly, drawing a ve rtical axis of symmetry
on Thursday (x = 4) shows that the left and right sides are identical. The shape of the
central basis functions with their peaks on Wed, Thu, and Fri are idertical. The others are
similar but di er in their transition to zero on the left or right sid e, respectively. It is the
result of the repeated knot placement at the end of the knot sequenceOverall, all splines
have a smooth transition to zero since cubic B-splines have twoantinuous derivatives.

2.1.2 Smoothing spline

In order to obtain an estimate for the function g, we now need to incorporate the observed
y. For this purpose, a powerful method is thesmoothing splinethat introduces a roughness
penalty and a smoothness parameter that governs the smoothness of the t. The trade-o
between a t term and a smoothing term can be summarized in thepenalized residual sum
of squaresthat is

30 z

L= o gD+ ¢’t%x; (2.6)

i=1
where g is given by Eq. (2.5), and g°°denotes the second derivative with respect tox.
For a given , the spline estimate@ of g is the function that minimizes L . Using cubic
smoothing splines guarantees thag®exists. In Eq. (2.6), the sum over the discrete sampling
points represents the t term of how close the estimate matches thalata, while the integral
measures its roughness and acts as penalty dn . A cubic spline with knots at each
data point x; minimizesL , as proven in Chapter V of De Boor (2001). The smoothing
parameter, , can be found by thegeneralized cross-validation(GCV) criterion proposed
by Craven and Wahba (1978),

W 62
n d(nz

where df ( ) denotes the degree of freedom which is the trace of the sub-projeon operator

GCV( )=

2.7)

S that satises, = S y, wherey denotes the vector of discrete data to be smoothed.
So,d ( ) = traceS (for details, see Ramsay and Silverman (2005)). The search for the
optimal  requires trying multiple values for . With = 0, the regression splineis
obtained, which is a non-penalized smoothing spline.

2.1.3 P-spline

The estimation of Eq. (2.6) requires approximating the integrated squared derivative.
O'Sullivan (1986) proposed to use a penalty based on the coe cients and s®nd derivative
of the tted curve. Eilers and Marx (1996) extended this idea and introduced the penalized
splines (P-splines). P-Splines do not depend on integrals or derivatives bt use a purely

10
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discrete smoothing term that utilizes g-th order di erence operators on the coe cients.
Hence, their computation can be easily handled. Formally, the estimate) minimizes,
J
P (i ox))*+ * ( 9)% (2.8)
i=1 j=qg+l

where the di erence operator 9isdenedsothat ¢ =¢ ¢ 1, ?g=¢ ¢ 1+¢G 2
and so forth for higher g. For an excellent overview of this topic, see Eilers et al. (2015)
and Eilers and Marx (2010). P-splines are in the area of functional data analyis well
established and an active eld of research. It should be noted that P-spnes use equally-
spaced knots. Hence, multiple knots at both ends are not possible. Mey€2008, 2012)
developed penalized splines under constrained shape, such as mondtity or convexity.

2.1.4 Nadaraya-Watson kernel estimator

Another idea to obtain a smooth curve is to follow a localized weightirg principle. The
points around a given point x should have the most in uence on the t. In order to
explicitly include this, a weight function is introduced that h ighlights this local dependency.
Suppose the estimate depends on the local points, we de ne

X
ax) = wi(X)yi; (2.9)
i=1
where the weights are given by

Kern %X
K b (2.10)
r=1 Kern XX

wi(x)= P

with the kernel, Kern(u), and its bandwidth h. One commonly used kernel is theGaussian
kernel de ned by
Kern(u) = plz—exp 2u% (2.11)

2.1.5 Application

The discussed methods can be applied to the twitch.tv data, summaeed in Table 2.1.
The inherent granularity of the data allows two approaches. First, the underlying function
is estimated based on the average number of viewers for the seven weleks, which are
displayed in Table 2.1. Second, the temporal granularity of the data set$ exploited to
replace each weekday's average by its 24 hourly averages for each of thee€hys. So, instead
of 7 points, 504 points are used. The results are shown in Fig. 2.2, and all &mated
functions are evaluated for 168 equally-spaced points between 0.5 and 7.5.

For the averages in the top panel, the non-penalized models show a silar pattern.
The solid red line of the Nadaraya-Watson estimates (Gaussian kernelh = 2) shows
slightly less extreme values compared to the dot-dashed purple lim of the regression
spline (log(GCV) =11:22, =0, J =6). The penalized methods show almost identical
shapes. The yellow dotted smoothing spline Ibg(GCV) = 9:18, = 0:001,J = 9)
follows closely the P-spline estimates. The blue dashed concavemstrained P-spline

11
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(log(GCV) =11:37, =0:033,J =6) overlaps with the long-dashed green unconstrained
P-spline (log(GCV) = 11:40, = 0:033,J = 6) except the section after Sunday. Here,
the concavity constraint restricts the blue dashed line compared o the small upward kink
of the long-dashed green line. The mid-week peak and the higher viewetumbers on
workdays are very prominent.

The bottom panel shows the smoothed t for n = 504 hourly observations on an annual
basis. The data is acquired as follows. First, the observations on weeky index x and the
corresponding 24-hourt are converted to a common scale by®= x + %, so, e.g., Monday
at 8 p.m. is denoted byt°= 1:33 andt®= 2 represents Tuesday noon. The gray dots
represent the annual average number of viewers for ead The number of observations
for the 168 uniquet® (7 weekdays, 24 hours, 724 = 168) for 3 years isn =3 168 = 504.

The non-penalized methods in the left column of Fig. 2.2 show a veryimilar pattern
compared to the top panel when considering the y-axis scale. Thus, #hdata variation
does not a ect the Nadaraya-Watson (Gaussian kernel,h = 2) and regression spline
(log(GCV) =13:26, =0, J =6). However, the penalized methods show changes. The
unconstrained P-spline (og(GCV) = 18:92, =0:011,J = 45)2 provides a less rougher t
than the smoothing spline (og(GCV) =12:40, =2:42e 07,J = 88) but both attempt
to capture the peaks of the data. The concave constrained P-splinddg(GCV) = 19:47,

=0:011,J = 45) shows a similar pattern compared to the non-penalized methods bt
with a sharper increase at the week's beginning, a plateau around mid-gek, and a sharper
decrease to the week's end.

2.2 Note on testing di erences between two groups

In experimental economics, almost always, researchers encounter duation where two
groups must be compared. Typically, the response variable of intereghas a continuous
nature. However, the visual inspection of the data set raises suspins that it does not
follow a normal distribution. Then the general advice is to use a non-prametric test. This
brief note casts some doubts about this advice.

There are two competitors in this scenario the t-test and the Mann-Whitney U
(MWU) test. Analyzing these two tests is nothing new, as Gibbons and Chakraborti {991)
compared both for normally distributed data sets in a simulation study. However, they
used very few observations and did not consider positively skewed stributions. Fay and
Proschan (2010) present a detailed overview of various hypotheses for botiests from
a theoretical perspective. In addition, they provide recommendaions on which test is
applicable for which hypothesis. In a very recent Monte Carlo study Knief and Forstmeier
(2021) investigated tting Gaussian models to non-normal data and found that these
models provide robust results despite the violation of the normaliy assumption. Their

2The data-driven methods that are implemented in the Rroutines automatically determine the knot
sequence and cause the dierences inJ. The Js are not normalized to illustrate the parameter dependency.
This section only serves for illustration and does not attempt an optimiz ed t.
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Figure 2.2. Application of the methods.

Note: The lines illustrate the application of the ve methods presented in this sec tion. The left column
labeled Non-penalized refers to methods without a smoothing parameter . The right column labeled
Penalized covers methods with a penalty term. The top panel shows the smoothed t for the n =7 points
in Table 2.1 that describe the average numbers of viewers for each day. Black dots mark the observed
points. The bottom panel shows the smoothed t for n = 504 hourly observations on an annual basis.

The gray dots represent the annual average number of viewers for each hourt® = x + ! where X is

24 '
the observation's weekday index and t the corresponding 24-hour integer. The number of observations is
n =168 3 =504 for 168 unique t% (24 hours, 7 weekdays, 24 7 = 168) for 3 years. The line type and the

coloring di erentiate the methods.
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literature overview presents opposing opinions on the relevance ohe data's normality
assumption. On the one side, it is argued that this assumption is the last important one
of all assumptions; on the other hand, voices are raised that it should alway be controlled
for normality as its absence might lead to distortions in the inference

2.2.1 Simulation procedure

In this note, a Monte Carlo simulation sheds more light on the performane of these two
tests. The simulation follows the idea that we observe two groups, @., a control and
treatment group, and we suspect that the treatment truly shifts the density curve of the
treatment group to the right. The median is not a ected, but a shift in means occurs. The
simulations will highlight that the MWU cannot detect the shift. The MWU can nd a
shift in medians when the shape of both groups is similar, but a shiftm means only if the
mean collides with the median. This is the case if the distributionis symmetrical.

More formally, suppose there are independent samples from two disitoutions denoted by
i =1;2. The test hypotheses aim to identify whether the di erence in means is signi cant
or not. Both samples are randomly drawn from distributions of the same famiy with an
identical median (median equality). There is an actual shift in means so that ; < ».
The sample size of the rst group, ny, is smaller than the one of the second groupny;
in particular, 2n1 = ny. The standard deviation should be larger for the second group
SD1 <SD,.

The normal distribution is deliberately excluded from this simulation. This is to account
for the following scenario: A researcher nds that the data are not normaly distributed.
He immediately follows the general advice and uses only non-parametricests.

Only a few continuous probability distributions allow a parameter con guration keeping
the same median and shifting the mean. Namely, thdognormal distribution and Weibull
distribution ful Il the requirements. Both have applications in various elds. For example,
the lognormal distribution can describe the comment length in Internet discussion fora
(Sobkowicz et al., 2013), the time needed for the maintenance of enginemt systems
(O'Connor and Kleyner, 2011) or the stock prices in the renowned Black $holes model
(Black and Scholes, 1973). The Weibull distribution, named after the Svedish engineer
and mathematician Waloddi Weibull, can model, for example, the yield strength of steel,
fractures in concrete, or wind speed distributions (Murthy et al., 2004). Both distributions
and their relevant properties are summarized in Table 2.2. For each distbution, two
examples of the density functions are on top of Tables 2.3 and 2.4. The gurehkighlight the
positively skewed distributions, their medians, and means in depndence of the parameters.

The general procedure is as follows. First, the parameters of the digbutions i =
1;2 are determined. Distribution i = 1 serves as a baseline, as there is no change in
the corresponding parameters that determine the density function The parameters of
distribution i =2 are adjusted so that the mean and standard deviation increase, but the
median remains unchanged. Second, a sample of sime is drawn from the baselinei =1
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Table 2.2. Probability distributions and their properties.
Xi Lognormal Weibull
m > 0, scale, median > 0, scale
Parameters
> 0, shape, sd of log k> 0, shape
8 h
| |
log x 2’ ZK ﬁk leX lk DX O,
PDF, f (x;) _3_exp Ln) P
X 2 2 >
-0 x< 0:
Mean, E() Xil= mexp 3 2 1+ ¢
. 2
Variance, Var(X;) mZexp( 2 exp(?) 1 2 1+2 1+ 1%
Standard deviation, SD;j P Var(X;) P Var(X;)
Median, m; m (log 2)¥*

is the gamma function.

Note: The table is based on Forbes (2011).

and a sample of sizen, from distribution i = 2 with the adjusted parameters. Then, these
two samples are compared by the t-test and the MWU test. The two repoted p-values
are collected. For each set of adjusted parameters, the procedure igpeated 10,000 times.
The parameters are arbitrarily chosen but carefully adjusted for simlarity in the moments
between both distributions.

For the lognormal distribution, the baseline is given by the medianmj; = exp(1) = e
and ; = 0:5. The median of the distribution is determined by the scale paramegr
m. Hence, the medianm, = e for all adjustments. So, only , varies and is given by

2 2 f0:5,0:75;1:0; 1:25; 1.5; 1:759. The case of , = 0:5 serves as a check that when
both distributions only di er in their sample size, the power of th e test should equal the
signi cance level.

For the Weibull distribution, the baseline is given by 1 =1 and k; = 1:5. So, the
median is my; = (log2)™*® = 0:78. For distribution i = 2, given a change in », the
parameter ko needs to adjust for the median equalitym, = m» to hold. The parameter »
is given by , 2f 1;1:25;1:5; 1:75; 2:0; 2:25g. It can be easily shown that choosingk, by

Ky = log(log 2) _ (2.12)

log =+ + %Iog(logZ)’

guarantees the median equalitym, = m5 to hold for a given , and the baseline.

Proof. Substituting the medians in the median equality by the correspondng formulas of
Table 2.2 yields

M2 = My;

2(log 27 = 1(log 2)7;
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(log2)'™ = —(log 2)*™;
2

ilog(log 2)=log —* + ilog(log 2):
Ko 2 K1
log(log 2)

k2:

log 2+ + %Iog(logZ)'

2.2.2 Results

The simulation study is based on data in violation of the normality assumption. This
assumption is commonly required for the t-test. In the case of the lognanal distribution,
Table 2.3 paints a clear picture that, although the data are not normal, the t-test clearly
identi es the di erences in means for row 5 to row 24 with a power 0f46.9% for a small
sample but yield more than 93.9% when the mean di erences and standard deation
increase. For large samples; >= 1000, the power reaches even higher levels. The control
cases, rows 1 to 4, show that both tests only reject the null in around 5%of the cases,
which is the signi cance level. The MWU test yields power 3.9% for rows 5 to 24, which
is in line with the median equality. But the low power would lead to misinterpretations of
the data if the MWU test is intended to detect a shift in means. It becomes very clear that
despite the violation of the normality assumption, the t-test is a reasnable choice. It is
not advisable to resort to the MWU test only based on the non-normal data, paticularly
with positively skewed data and di erences in the sample sizes.

Table 2.4 con rms these results. Both tests yield in the control cass (rows 1 to 4) a
power around the 5% signi cance level. In general, both achieve higher gwer for Weibull
distributed data than lognormal data. Nevertheless, the t-test is clog to 100%, while
the MWU test has at most 19.8%. As expected, the MWU test performs bette for large
sample sizes than for smaller ones.

To summarize, as Knief and Forstmeier (2021) titled their paper Violating the normality
assumption may be the lesser of two eviland Fay and Proschan (2010) conclude[tlhe
choice between t- and [Mann-Whitney U tests] should not be based antest of normality. ,
this note reaches the same conclusion: the t-test might be a reasonabttoice even when
there is non-normal data.
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Table 2.3. Power analysis of lognormal distributed samples.

img,my=e
1 N N

03 ‘m=3.1

0.2 Dist.

— X

PDF, f(x; m,s)

0.1

0.0

0.0 25 5.0 7.5 10.0

Note: The vertical lines mark by a dot-dashed line the median, and by dotted lines t he
means. The lines are labeled by the symbols on the right.

ni n, mp=m; 1 2 1 2 SD; SD; power powenywu
1 100 200 272 05 050 3.08 308 164 1.64 0.054 0.055
2 200 400 272 05 050 3.08 308 164 1.64 0.053 0.049
3 500 1000 272 05 050 3.08 308 164 1.64 0.048 0.052
4 1000 2000 272 05 050 3.08 308 164 164 0.049 0.047
5 100 200 272 05 075 3.08 360 164 3.13 0.469 0.037
6 200 400 272 05 075 3.08 360 164 3.13 0.771 0.036
7 500 1000 272 05 075 3.08 360 164 3.13 0.990 0.039
8 1000 2000 272 05 075 3.08 360 164 3.13 1.000 0.038
9 100 200 272 05 1.00 3.08 448 164 5.87 0.939 0.034
10 200 400 272 05 1.00 3.08 448 164 5.87 0.999 0.033
11 500 1000 272 05 100 3.08 448 1.64 5187 1.000 0.033
12 1000 2000 272 05 100 3.08 448 1.64 5.87 1.000 0.032
13 100 200 272 05 125 3.08 594 164 1153 0.995 0.032
14 200 400 272 05 125 3.08 594 164 1153 1.000 0.030
15 500 1000 272 05 125 3.08 594 1.64 11.53 1.000 0.034
16 1000 2000 272 05 125 3.08 594 1.64 11.53 1.000 0.035
17 100 200 272 05 150 3.08 837 164 24.39 0.988 0.034
18 200 400 272 05 150 3.08 837 164 24.39 0.999 0.031
19 500 1000 272 05 150 3.08 8.37 1.64 24.39 1.000 0.035
20 1000 2000 272 05 150 3.08 837 1.64 24.39 1.000 0.032
21 100 200 272 05 175 3.08 1257 1.64 56.74 0.969 0.034
22 200 400 272 05 175 3.08 1257 1.64 56.74 0.991 0.032
23 500 1000 272 05 175 3.08 1257 1.64 56.74 0.999 0.029
24 1000 2000 272 05 175 3.08 1257 1.64 56.74 1.000 0.031

Note: The table summarizes the results of 24 parameter con gurations. For thesample sizes,
it holds that n, = 2n;. The table is arranged by , in ascending order with increasing sample
sizes. ConsequentlySD, is increasing. The signi cance level is = 0:05. The column power, and
powerywy Summarize the fraction of 10,000 simulations where the p-value of the corsponding
test was smaller than , or in other words, the null hypothesis was correctly rejected.
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Table 2.4. Power analysis of Weibull distributed samples.

: : Dist.
‘m=09:m=14 — X
: : o

PDF, f(x;! , k)

Note: The vertical lines mark by a dot-dashed line the median, and by dotted lines t he
means. The lines are labeled by the symbols on the right.

ni ny 1 2 kl k2 mi = My 1 2> SD; SD» power  powenywu
1 100 200 1 1.00 15 1.50 078 0.9 090 0.61 0.61 0.052 0.053
2 200 400 1 1.00 15 1.50 078 0.9 090 0.61 0.61 0.052 0.051
3 500 1000 1 1.00 15 1.50 0.78 0.9 090 0.61 0.61 0.051 0.052
4 1000 2000 1 1.00 15 1.50 0.78 0.9 090 0.61 0.61 0.050 0.051
5 100 200 1 125 15 0.78 078 0.9 144 061 185 0.979 0.046
6 200 400 1 125 15 0.78 078 09 144 061 185 1.000 0.057
7 500 1000 1 125 15 0.78 0.78 0.9 144 061 1.85 1.000 0.093
8 1000 2000 1 125 15 0.78 078 0.9 144 061 185 1.000 0.169
9 100 200 1 150 15 0.56 0.78 0.9 246 0.61 4.68 1.000 0.045
10 200 400 1 150 1.5 0.56 0.78 0.9 246 0.61 4.68 1.000 0.061
11 500 1000 1 150 15 0.56 0.78 0.9 246 061 4.68 1.000 0.109
12 1000 2000 1 150 15 0.56 0.78 0.9 246 0.61 4.68 1.000 0.198
13 100 200 1 175 15 0.46 0.78 0.9 421 0.61 10.77 1.000 0.046
14 200 400 1 1.75 15 0.46 0.78 0.9 421 0.61 10.77 1.000 0.060
15 500 1000 1 1.75 15 0.46 0.78 0.9 421 0.61 10.77 1.000 0.100
16 1000 2000 1 175 15 0.46 0.78 0.9 421 0.61 10.77 1.000 0.185
17 100 200 1 2.00 1.5 0.39 078 0.9 7.09 0.61 23.13 0.998 0.044
18 200 400 1 2.00 1.5 0.39 078 0.9 7.09 0.61 23.13 1.000 0.059
19 500 1000 1 200 15 0.39 0.78 0.9 7.09 0.61 2313 1.000 0.101
20 1000 2000 1 200 15 0.39 078 09 7.09 0.61 2313 1.000 0.174
21 100 200 1 225 15 0.35 0.78 0.9 11.62 0.61 46.84 0.991 0.047
22 200 400 1 225 15 0.35 0.78 0.9 11.62 0.61 46.84 1.000 0.056
23 500 1000 1 225 15 0.35 0.78 0.9 1162 0.61 46.84 1.000 0.095
24 1000 2000 1 225 15 0.35 0.78 0.9 1162 0.61 46.84 1.000 0.159

Note: The table summarizes the results of 24 parameter con gurations. For thesample sizes,
it holds that n, = 2n;. The table is arranged by , in ascending order with increasing sample
sizes. ConsequentlySD; is increasing. The signi cance level is = 0:05. The column power, and

powerywu sSummarize the fraction of 10,000 simulations where the p-value of the coesponding

test was smaller than , or in other words, the null hypothesis was correctly rejected.
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Neural Functional Time Series
Forecasting

Electricity is a unigue commodity. It cannot economically be stored and consequently, a
permanent balance between electricity generation and demand is an em#ial requirement
for the market. Suppliers and purchasers are heavily a ected by chages in business
activities, weather conditions, technology developments, and the pdatical situation. As a
result, the prices and load demands show abrupt, generally unanticigted spikes, which
makes forecasting a challenging discipline for market participants.

The recent developments of the energy market have led to a stark imease in this
particular market's relevance. The German government made a complet turn-over from
the nuclear power plants' prolongation to a complete phase-out from nu@ar energy until
2022. In light of climate change, greenhouse gas emissions, and air pollution,éhldemand
for low-carbon electricity sources emerges naturally. However, mosof these sources
introduce frequency variations through their unsteady availability, which the transmission
system operators(TSOs) have to balance following the load-frequency control concept
To compensate for spikes or gaps in demand and supply, the TSOs requitgalancing
power®, which they procure in auctions on the balancing market. Accurate pedictions are,
therefore, paramount for well-informed decision-making.

This paper outlines a new approach to predict supply curves based onistorical data by
a highly specialized neural network. Such supply curves typicajl emerge from the auctions
in the German balancing market, representing an essential instittional arrangement for
the energy market to guarantee energy security. However, these cueg can also be observed
for other products of wholesale markets, or storage capacity planning, or gemally in sales
and many other areas, making the approach generally well suited for forecaisty tasks.

A small stylized example can illustrate three things in one sweep: lie observed data
structure, its challenging characteristics, and this paper's appoach. In procurement
auctions, a single buyer interacts with multiple sellers who o er bids of a quantity x for a

30n the o cial website, the TSOs de ne control reserves as balancing capacity and balancing energy.
The literature refers more often to the term balancing power (Ocker et al., 20 18; van der Veen and Hakvoort,
2016).
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price p. The buyer will accept the lowest price and accept higher pricesn increasing order
until his demand is met (see, e.g., themerit-order ). So, for each auction exists a natural
monotone curve when the buyers' procured quantities are mapped tohte ordered prices in
the form of a step function. It is easy to see that these curves are obeed on irregularly
spaced intervals caused by variation in the bid sizes and not truncatecat random but by

the buyer's demand. With a simple adjustment, the proposed modekan deal with these
step functions, while classical approaches require interpolationsmoothing, or truncation.
For illustration, Fig. 3.1 shows two stylized curves of subsequenperiods. The rst two

blue triangles represent that a seller made an o er with quantity three k =5 2 = 3) for

a price of four (p = 4).

Simple Supply Curve

8
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6

5 Supply Curves
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Cumulative Quantitiy

Figure 3.1. Stylized supply curve example.

The underlying key concept is that such curves represent nexgeneration functional
data (Wang et al., 2016), namely afunctional time series, and at the same time, they also
fall in the category of sequencesn the sense of the machine learning literature (Goodfellow
et al., 2016). If this sequence is a sentence for a translation task, theequence is governed
by the rules and principles of the language, while the functional timeseries is a set of
observations determined by one generating process. There are wéihtown methods from
the arti cial intelligence eld for sequence-to-sequence §eq2sej prediction. The recurrent
neural network or RNN (Rumelhart et al., 1986) is specialized for sequenél data and
can deal with multidimensional data; for a detailed introduction, see Graves (2012). By
looping through the sequence's elements, it shares relevant inforation across each iteration
allowing the network to remember speci c features of the sequere In the eld of neural
machine translation, Cho et al. (2014a), Kalchbrenner and Blunsom (2013), and Siskever
et al. (2014) simultaneously developed based on RNNs thEncoder-Decoder architecture,
which is renowned and the foundation of many practical applications. Itsoriginal aim was
to translate one sentence of an input language to a target language. Since semices with
the same meaning but in di erent languages frequently have varying squence lengths, this
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architecture is well suited for seq2seq predictions of di erent &€ngths, especially for the
case of supply curves with di erent numbers of bids.

The proposed model is based on an RNN with encoder-decoder architege with
an attention mechanism and an imposed autoregressive input data structte (RNAA)
to tackle the challenges of forecasting supply curves. An intuitiveexplanation of the
working procedure of the RNAA is as follows. Suppose, returning to tle stylized example
in Fig. 3.1, we would like to predict the future supply curve (blue curve) based on the
currently observed supply curve (red curve). Initially, the RNAA tries to comprehend
the relations within the observed supply curve by starting at the rst point and moving
along the sequence while storing important information in a compresse format. After
that, it evaluates the relationship between the complete observed pply curve and the
rst point of the future supply curve with this compressed knowl edge. Then it moves along
the sequence of the future supply curve from point to point. Moreoer, simultaneously to
the previous step, the attention mechanism allows the RNAA to attach weaghts to the
compressed knowledge to autonomously select relevant information of ghobserved curve
for each future curve point.

The performance assessment of the RNAA consists of three steps, wheltee German
balancing market serves as the data source for the supply curves. Thanalysis focuses
mainly on the price dimension, but the raw data require processig. In a rst step, taking
averages transforms the curves into a univariate time series whicimakes the comparison
with classical methods possible. The next step requires a twofolechormalization of the
supply curves to a common domain on regularly spaced intervals to applyhe functional
time series approach, which a joint truncation and smoothing procedue achieves. In the
last step, all models aim to predict the supply curves as observed w#hout normalization.
The RNAA can simultaneously forecast multi-entry bids consisting of price, bid size, and
covariates by simply adjusting the input data structure. It illu strates the potential of
the RNAA since approaches from the rst and the second step cannot do thiswithout
relying on multiple models or more complex combined approaches. Thefore, in the third
step, the RNAA's predictions are compared with the non-truncated supgy curve, while
the other methods are compared with the truncated ones. In all stepsthe RNAA shows
promising performance compared to the benchmark models.

The article is organized as follows. Section 3.1 gives an overview of thelated literature.
Section 3.2 introduces the RNAA model in more detail, and Section 3.3 be y presents
relevant benchmark methods and forecast assessment metrics. Skxt 3.4 reveals details on
the data source, namely the German balancing market and the data procesng. In general,
neural networks are highly dependent on hyperparameters that govern heir learning,
and Section 3.5 discusses their optimization in the RNAA environment. Section 3.6
illustrates the performance of the RNAA and presents a methodology to vdualize how
the RNAA perceives the data during training. Section 3.7 summarizes ame notes on the
implementation, and Section 3.8 concludes.
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3.1 Related literature

This project contributes to multiple strands in the literature . It provides a methodology for
electricity price forecasting when the aim is to predict supply curves, a novel application of
machine translation methods, and a new rich tidy data set for applications of functional
data analysis describing the supplier behavior of the German balanoig market.

The literature for electricity price forecasting has rapidly grown within the last two
decades (Nowotarski and Weron, 2018). A large body of work exists utilizing rathods that
range from time series analysis over machine learning algorithms to conmred techniques.
To pool these approaches of various disciplines, the Global Energy Forasting Competition
was established, which shows the relevance for industry and resedr alike (Hong et al.,
2014, 2016, 2019).

There are multiple surveys of theenergy price forecasting(EPF) literature. Aggarwal
et al. (2009) categorize the approaches in game theoretical models, time sesi models, and
simulation models and nd that no category systematically outperforms the others. The
overview by Chan et al. (2012), discussing methodologies in the contexdf smart grids,
additionally introduces the functional principal component analysis (FPCA) models, which
serve as the basis for their robust FPCA approach. Weron (2014) providea systematic
and extensive review of the EPF literature and the proposed models ah methods. The
author discusses statistical and computational intelligence modelseparately and concludes
with a look into the future of EPF, which covers the correct covariate choice, the use of
combined models, and a call for a standardized testing procedure, anmg other topics.
Nowotarski and Weron (2018) continue with a focus on probabilistic forecasiig and nd
that the relevance of machine learning methods in the literature on BPF sharply increased
in recent years. As they call for closer cooperation between electréd engineering focused
on computational intelligence and econometric approaches, the article at &and presents
a symbiosis where a neural network allows to overcome the limitatioa of classical time
series approaches without imposing restrictions on the characterigts of supply curves.

Ziel and Steinert (2018) provide an update of the review mentioned abovevith a focus
on medium- and long-term price forecasting. In addition, they extend the X model, which
was introduced in Ziel and Steinert (2016), for a long-term horizon. It models the purchase
and sales curves of an auction separately, and the interaction of both cungerepresents
the electricity price. Shah and Lisi (2020) provide a similar idea in the world of functional
time series and show its performance in an application to the Italian edctricity market.
Ziel and Steinert (2018) report that only two recent forecasting projeds use data from the
German market in their applications. Another example for the German eletricity market
can be found in Gianfreda et al. (2020), who compare various univariate and mtivariate
time series models considering renewable energy sources for pietcthg hourly day-ahead
electricity prices. They nd that multivariate Bayesian models with exogenous variables
lead to improvements in all markets. Overall, EPF is an active reseach area with a long
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tradition. The present paper contributes to this eld a novel appr oach and application to
the German electricity market that is rarely considered in the literature.

Neural networks are among the top research elds in the machine learninditerature
(Glauner et al., 2017). Neural networks consist of at least one input, output,and possibly
multiple hidden layers, where each contains several cells or node Typical data sources
for time series forecasting are the stock and electricity market de to the large quantity
of available information. RNNs are well suited for these large data sets, biuthe seg2seq
predictions require a seemingly univariate time series to be trasformed to sequences. In the
context of electricity prices, the approaches cleverly exploit the more granular underlying
time structure. For example, if hourly prices are observed, 24 of then are bundled to
generate one daily observation. See, e.g., Gonzalez et al. (2018) for an applicati using
functional time series analysis. Bundling data this way allows to ollain sequence with a
xed window of 24 observations. This collection window can be moved sp-wise ahead.
This transformation is henceforth referred to asWindow approach An example using this
paper's data will be given in Section 3.4.3. For an extensive benchmarktsdy of EPF
for the Belgian market, see Lago et al. (2018), and for a survey of time series fecasting
applications with neural networks, see Lim and Zohren (2021).

The TSOs operate the balancing market where pre-quali ed supplies compete to
provide balancing power products, which are used to smooth fregency deviations in the
power grid to guarantee system stability. In particular, the TSOs periodically call for
tenders of these products in a multi-unit procurement auction Zweifel et al., 2017, Ch. 13;
Weron, 2006). With the large national di erences in these markets of Eurogan countries,
the discussion of an optimal balancing market design has been initiatedni the work of
van der Veen and Hakvoort (2016), Ocker et al. (2016), and Vandezande et al. (2010) among
others. The recent literature has focused on theoretical analyses i distributed energy
resources integration (e.g. Borne et al., 2018; Poplavskaya and de Vries, 2018) strategic
bidding behavior of market participants (e.g. Campos et al., 2016; Mazzi et al 2018;
Poplavskaya et al., 2020). For the German case, Mlsgens et al. (2014), discutbee market
design and its economic fundamentals, and Ocker et al. (2018) provide a gantbeoretical
analysis of the auction format with real-data applications. Liebl and Rameder (2019)
propose a novel functional data estimation method for the mean and covaance function
under violation of the missing at random assumption, which the supply cirves of the
German balancing market exhibit. This paper also looks at the supply arves of this
peculiar market but takes the path to develop an improved prediction method.

The balancing markets exhibit high price volatilities, leading to little empirical work in
the forecasting discipline for this market in general (Weron and Zie) 2018) and even less
for the German market. There are some works on the Nordic market, where Kkeboe et al.
(2015) compare various time-series model-based forecast techniques thile Norwegian
market and Boomsma et al. (2014) present a theoretical model of bidding sategies with
empirical analysis of spot and balancing prices. Olsson and Soder (2008) proge a model
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for balancing power price scenarios for scenario trees based on SARIMA drMarkov
processes for the Nordic power market. For the UK, Lucas et al. (2020) found tat
using the loss of load probability for forecasting the balancing market pice via XGBoost,
Gradient Boosting, and Random Forest leads to more precise predictionsHowever, the
task to forecast the supply curves of the German balancing market remais an open task.

This paper tackles this task and presents a hew prediction methodtaking into account
the unique shape of supply curves. For this purpose, neural networkare used, which seem
to be made for this task. Moreover, these are exible enough to meet fiure challenges,
such as those posed by the increasing penetration of the market by rem@able energies
and distributed energy resources (Hirth and Ziegenhagen, 2015; Zweifet al., 2017). To
keep the scope of this paper to reasonable limits, the application foaes on the positive
automatic frequency restoration reserve (aFRR) due to its relevancen the literature (Borne
et al., 2018; Ocker et al., 2018; Poplavskaya and de Vries, 2019).

3.2 Methodology

The RNAA follows Bahdanau et al. (2015) who developed a model that learns to agin
and translate simultaneously. Letx = xW;:::;x(™) pe an input sequence of length
ny, where x() denotes the entry at positioni within the sequence? The superscripti is

ny, wherey() denotes the entry at stepi.>

In order to deal with varying sequence lengths, the encoder-dedzr architecture consists
of two stacked RNNs, where the rst is labeled Encoder and the secondDecoder.

The Decoder of the RNAA operates on theL 2 norm loss function, i.e., the mean squared
error, and characterizes the model as a regression approach. For the casetwb sequences
x andy, the loss function is given by

Xy ) 2
Lix;y)=n, bt y® 90 7 (3.1)
where
90 =g y@;y Dix =g oyl Bisf Yich (3.2)
and g( ) is a nonlinear, potentially multi-layered, function, where sg Y is the hidden

provides the context, c{), which summarizes the sequencg. Equation (3.2) shows that
the ground truth of the previous step, y( 1, is fed into the network as input to predict

4The author is well aware that i is commonly replaced by t in the literature, and the position is referred
to as the time-step. However, in time-series forecasting, it is more natural to distinguish di erent periods

by t. Hence,t is used to separate curves andi for positions within the curve.
5To introduce the method, the entries of x and y are univariate. The extension to the multivariate

case is straightforward but has been omitted for clarity. For example, ¢ onsider the red curve in Fig. 3.1
and its observed points (1; 1); (3; 3); (5; 6). In the univariate case, x = (1;3;6) and in the multivariate case
x°=(1%2), which should be followed by additional adjustments of relevant equatio ns.

24



Chapter 3

the next step. This design feature is callecteacher forcing (Williams and Zipser, 1989). It
allows the RNAA to adjust its prediction during training and leads to a higher accuracy
by staying close to the ground truth.

The network architect chooses key elements, such as the layer tgs, hyperparameters,
and the underlying design, generally with the application and performance in mind. The
presented architecture of the RNAA is adjusted for the application and based on various
simulations. The RNAA's Encoder is based on along short-term memory (LSTM) cell
(Hochreiter and Schmidhuber, 1997) and the Decoder on @ated recurrent unit (GRU)
cell (Cho et al., 2014b). Hence, from a theoretical perspective, the RNAAcombines the
bene ts from both: the LSTM allows for a long memory, and the GRU is computationally
more e cient than an LSTM since it has one less gate. Besides, the atteribn mechanism
of Bahdanau et al. (2015) is originally also based on the GRU. Both consist of multife
gates whose roles are explained in the next part, and, given their similaties, address
the problem of vanishing gradients (Pascanu et al., 2013). Instead of a detad formal
description of the RNAA, which Appendix A.1 presents, a process-oriated description
was chosen. It follows Fig. 3.2 from the bottom left to the top left corner. The right-sided
gray rectangles provide more details on the Encoder and Decoder.

The Encoder reads the input sequencex, step-by-step and compresses for each step the
relevant information in a xed-length output vector, h (annotations), of length ny. The
length of x might vary from sequence to sequence. For each step of the input seguce,x(",
and its own previous output, h' 1, the LSTM structure within the Encoder updates its
internal cell state by partly forgetting its current state, st 1, (forget gate) and including
relevant information of the input and previous output in the form of a stat e candidate,s(",
(input gate). The output gate governs the relationship between its new internal states(”,
and output, h{), This process is illustrated for the Encoder in the bottom-right corner of
Fig. 3.2.

The Decoder receives as input the ground truth,y(' D, the current context, ¢V, and
its own previous cell state,séi Y. The context is provided by the attention mechanism
that consists of a separate but very simple neural networlé The attention mechanism is
illustrated by the dark-shaded hexagon. The network, NN, scores for eachtap the relevance
of the annotations, h, with the previous state, sgi Y and summarizes the information
about the annotations in the attention weight vector, . The sum of the attention-weighted
annotations depict by the octagon, P jX, is the context given to the Decoder. The GRU
architecture within the Decoder updates its internal state basedon two inputs, the previous
state and an update candidate,s-((ji), adjusted by the reset gate The update gatedetermines
the share of each part for the state update. Additionally, the Decoder eceives the previous
step of the target sequencey(' 1, as input in order to learn the sequence lengths (teacher
forcing). This process is illustrated for the Decoder in the top-ight corner of Fig. 3.2.

8In particular, the attention mechanism is a feedforward neural network with one la yer and softmax
activation function that is jointly trained. Bahdanau et al. (2015) origi nally labeled it alignment model.
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Figure 3.2. The RNAA - an encoder-decoder architecture with attention mechanisn and deep

learning.

Note: The Encoder incorporates an LSTM and the Decoder a GRU cell. The input and output seq uences
vary in their length. Two-lined closed arrows represent self-connecting lo ops, while single-lined symbolize an
information transfer. Connecting arrows show the dependency between the gure's parts . NN is a simple
neural network. Deep Learning collects optional dense layers for the deep learning structure. The double-
headed arrow with a dashed line symbolizes output evaluation against actual observation. The dotted lines
with loupes mark detailed representations of the Encoder and Decoder. Passing through a gate is equivalent
to being multiplied by its current value. Small circles on solid lines sy mbolize collecting information, such
as states, inputs, and outputs. The functions ;tanh , and linear are de ned in Appendix A.1.
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So the model learns to match an input sequencex, to a target sequencey, and their
within-sequential dependencies while autonomously deciding wibh part of the encoded
input sequence should be paid attention to under teacher forcing.

The recent success of deep learning structures (Lago et al., 2018; Lim andoBren,
2021) is the reason why also the RNAA allows an optional deepening of its structre.
In particular, the RNAA allows a dynamically determined number of additional dense
layers after the encoder-decoder architecture. Dense layergpresent the simplest form of
a hidden layer. In Fig. 3.2, these layers are collected aBeep Learning They are placed
centrally on the dashed line with double-headed arrows. If no deepelarning structure is
required, the Encoder-Decoder output simply passes unchangeditough and is evaluated
against the observationy().

The Encoder-Decoder originates from the eld of neural machine tranfation and has
proven to successfully handle the translation task, but Cho et al. 2014b) report that
the performance dramatically drops when the sequence length is ineased. The solution
was the introduction of attention in the eld of natural language processingNLP); for a
systematic overview, see Galassi et al. (2020) and the examples mentiahéherein. The
attention mechanism was recently included in one of the most famous mache learning
libraries, TensorFlow, during its upgrade to the next version. It clearly shows the relezance
of attention for state-of-the-art applications. The applications of attention are not limited
to NLP (Chaudhari et al., 2020), and for an illustrative example in the eld of m achine
vision, consider Wojna et al. (2019).

The method was originally developed for machine translation based on theross-entropy
loss function for distributions over speci ¢ vocabularies, so seeral adjustments had to be
made to the original design for time series forecasting. The loss funain was changed to
the well-known MSE given by Eq. (3.1) and the usual classi cation output function of
the Decoder, softmax, was replaced by a linear function, i.e.as-is output. In NLP, the
number of features corresponds to the words in an ex-ante de ned vocallary, usually a few
thousand. In the RNAA, this number drastically decreased to either 1, 2,or 3. The input
sequencex was replaced by the rst lag of the target sequencey. A formal description
requires the introduction of time indices. So, let the input be given by

x=yi= yny (33)

and the target given by
y =y = yaionvat) (3.4)
for the periodst =1;:::;T. The encoder-decoder architecture inspired by the challengesf

language translation can handle varying sequence lengths, which is shovby the di erent
sequence lengths of each period, i.en; and ny+1. The imposed data structure in Eq. (3.3)
and Eq. (3.4) is referred to asautoregressive input data structurethroughout this article.
Sequential data are generated by natural phenomenons such as speaking, ebsng and
handwriting. The sequences are governed by common rules such as grammaemantics

27



Chapter 3

and meaning. The German balancing market is one potential source for economsequences.
However, these speci ¢ data are incidental truncated. This marketis a good microeconomic
example where supply must meet demand. The demand announced by tHESO cuts o the
supply curve at the interception point, and only the accepted o ers are publicly available.
So, any estimation procedure assuming random samples might not be appéble, and
sample correction methods require more information about the auction paticipants, or in
other words, the missing-at-random assumption is violated. For an approprate benchmark
study, the models presented in the next section require data tht are preprocessed to deal
with characteristics of the supply curve.

3.3 Benchmark models

The performance of the RNAA is assessed in three steps, where step-btep, the data are
less processed for the methodological requirements. The rst steis the univariate case
the second step is thefunctional case and the third step is the supply curve case In the
last case, the supply curves are fed to the network nearly as recordeahd published. The
following section brie y introduces models for univariate and functional time series, and
simple NN approaches. These models serve as benchmark methods foetRNAA in these
cases. Since each method can handle only speci c data formats, Secti@¥.3 explains the
procedure that transforms the observed supply curves to the regued format.

3.3.1 Univariate model

In order to evaluate the forecasting performance in the univariate time series case, the RNAA
is compared to anautoregressive moving average model with generalized autoregressive
conditional heteroskedasticity (ARMA-GARCH). The ARIMA class of model is commonly
used in the literature of electricity price forecasting (see, forexample, Conejo et al., 2005;
Crespo Cuaresma et al., 2004; Weron and Misiorek, 2008), the GARCH models was pljed
to predict day-ahead prices in Spain and California by Garcia et al. (2005) and the
ARMA-GARCH model were used to model mean and volatility of the electricity price of
the New England market in Liu and Shi (2013).
The model ARMA( p; 9-GARCH(r; s) is given by
X xa
Vi = iVt it it it (3.5)

i=1 i=1
where  is the ith autoregressive coe cient, and ; is the ith moving average coe cient.
The error term "; is de ned as

t= s (3.6)
= . 2 .

SWHE g IR 3.7
with 2 denoting the conditional variance andw the intercept. So, " follows a GARCH(r; s)

process andz is i.i.d. with zero mean and variance of unity Bollerslev (1986). The Bagsian
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information criterion (BIC) and the goodness-of-t test of Palm (1996) show that the
student t-distribution rstly presented in (Bollerslev, 1987) in its skew version (Fernandez
and Steel, 1998) is best suited for tting the standardized innovationsin this application
to the data.

It is good practice in forecasting studies to include the so-calledNaive method. Under
this method, the forecast for a period is the most recent past obseation. In other words,
an observation today might be a good forecast for tomorrow under certain coditions. This
method is also available for the other cases but not explicitly discssed as its implementation
is generally straightforward.

3.3.2 FRunctional time series models and neural networks

The functional time series approaches require smoothed supply cues, which are evaluated
at a xed number of points shared by each curve. This means that comparedo the
univariate case, more information held by the supply curves is usabléut limited by the
domain all supply curves share. This information gain leads to sequendil data structures,
allowing simple neural network approaches to be applied. The followig brie y presents
these benchmark methods with only the most necessary assumptionsifreadability.

A functional time series (Y, t 2 Z) is a sequence of curves following Hormann and
Kokoszka (2012). It is assumed that each curvey;, is an element of the Hilbert space
H = L?([0;1]) equipped with the inner product H;gi = Rolf (v)g(v) dv and is a square
integrable function satisfying kY;k? = R01 YA(V)dv< 1.

The functional autoregressive(FAR) process is studied in the monograph Bosq (2000)
and the FAR(1) model is given by

Ye=( Yy 1)+ (3.8)

where ; is a sequence of i.i.d. mean zero errors iHl and the bounded linear operator
satis es the conditions that a unique strictly stationary causal solution for Eq. (3.8) exists.
The one-step ahead prediction of a FAR(1) can be obtained by

9t+1 = Ad (Y);

where " 4 is the estimator of based on the rst d most important empirical functional
principal components (EFPCs) of the sample covariance operator. Similar to the well-known
univariate AR(1) case, this estimator can be found based on the Yule-Walke equations
in their functional version. Details can be found in Hérmann and Kokoszka @012, Sec.
3.2) or in Aue et al. (2015, Sec. 3.1), where the FAR(1) serves as a benchmark ftne
proposed method. SinceH = L2, the estimator can be referred to asEstimated Kernel
in the sense of Didericksen et al. (2012). They report that this methodprovides almost
perfect predictions, i.e., in their simulation study, it achieved comparable performance to a
method based on the true representing the theoretical but hypoth etical best approach.
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This is in line with the previous results of Besse et al. (2000). The asxiated forecast error
metrics of this model are labeledBosqg’

Aue et al. (2015) propose a new prediction methodology consisting of threeteps
that are intuitively appealing and utilize existing methodology wit h already developed
implementations. It proves to be competitive or superior in performance in simulations and
in an application to pollution data compared to the Bosq procedure. Ther methodology
consists of the following. Similar to Bosq, the rst step starts with the estimation and
selection of thed EFPCs by, e.g., a fraction of the data variation that needs to be explainel.
Typically, dis much smaller than the number of observations, often a single-digit amber.
With the d EPFCs, the functional principal component (FPC) scores are calculated. Then,
in the second step, applying multivariate prediction techniqueson these scores allows
obtaining their forecasts. In the third and last step, these forecass$ are retransformed to
curves by a truncated Karhunen-Loéve representation. For more detdé and extensions,
e.g., FAR(p) or the inclusion of covariates, refer to Aue et al. (2015).

Shang (2013) provides theR packageftsa and its current version implements among
other useful tools for functional time series analysis the procedwes of Aue et al. (2015)
and Klepsch et al. (2017). To relate to functional time series analysis andecause the
approach is based on multivariate techniques, the results from this aproach are referred
to as FTSA - Multi . Earlier, Hyndman and Shang (2009) and Hyndman and Shahid Ullah
(2007) proposed a similar procedure but based on univariate techniquesHence, their
approach is listed asFTSA - Uni. The number of componentsd is chosen by the multiple
testing procedure of Kokoszka and Reimherr (2013).

Lastly, the benchmark study also covers three simpleneural network (NN) architectures
that are commonly used in time series forecasting. They are implemeed in their single-
shot version, i.e., the whole curve is predicted in one step. Th®ensemodel consists of
a dense layer, i.e., a densely connected neural network layer.hE CONV model extends
the Dense model by a 1D convolution layer added before the dense layeConvolutional
networks were rstly introduced in LeCun (1989). The last model consits of anLSTM
layer followed by a dense layer. All benchmark methods are summazed in Table 3.1.

3.3.3 Forecast assessment

The performance is evaluated by a pseudo-out-of-sample scheme commyprfbund in

econometrics, the forecasting literature, and studies in the machie learning literature.
For this purpose, the models have no access t8 observations during the estimation or
training. That means the size of the training setis = T S, and the size of the test set
is S. In order to assess the prediction quality, two cases must be distiguished. In the
rst case, the observed curve and the prediction must have the sam&umber of points.

"The Rroutine for this method was gratefully received from Alexander Aue and is based on the fda
package.
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Table 3.1. Overview of benchmark methods and short descriptions.

Group Label Description
Univariate Naive Repetition of past observations

ARMA-GARCH  Model by Bollerslev (1986)

Functional Naive Repetition of past smoothed supply curves

Bosq FAR(1) forecast in Bosq (2000)

FTSA - Uni Method by Hyndman and Shang (2009) and Hynd-
man and Shahid Ullah (2007) based on univariate
techniques

FTSA - Multi Methods by Aue et al. (2015) and Klepsch et al.

(2017), implementation by Shang (2013) based on
multivariate techniques

Neural networks Dense Neural network of one densely-connected layer
CONV Convolutional neural network, LeCun (1989)
LSTM Long Short-Term Memory neural network, Hochre-

iter and Schmidhuber (1997)

Note: The column Group collects methods from the same area and also hints towards the requd
data structure. The column Label refers to the used abbreviation in the results section. The Naive
approach for neural networks is omitted because it is conceptually idetical to the functional case.

Both the univariate and FTSA approaches meet this requirement® Then, a point-by-point
comparison is possible, and the well-knowrmean squared error (MSE) and the mean
absolute error (MAE) can be used. The second case requires a measure that can compare
two functions and is thus based on integration. The measure is thanean squared area
between curvegMSABC) and will be presented in the second part of this section.

MSE and MAE The point-by-point evaluation metrics are the MSE and the MAE. For
some univariate forecasty ., for h = 1;:::; S and some univariate observationy ., these
metrics are de ned by

x

MSE=S1 (J+n yen)’ (3.9)
h=1
X

MAE =S Y j9in Vaini: (3.10)
h=1

It is easier to introduce the two forecasting principles used inthis paper by staying
brie y in the univariate world. The rst principle consists of a 1-s tep ahead forecast based
on the observation from the previous period. It can be formally descriled by

$enj+h 1 (3.11)

8This might be surprising at rst. However, the standard FTSA procedure is that the obse rved curves

are rst smoothed and then evaluated at the same points. Thus, there is an e qual number of points for
smoothed observed curves and the predictions based on them.
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Hence, forecasts using this procedure are marked by the lab&olling.
The second uses its own forecast fan > 1 to predict the next period and is de ned as

Y +hj: (3.12)

Note the missing h in the condition in the subscript, so S-steps ahead are generated based
on the training set. Forecasts under this principle are labeledAhead Naturally, the
forecasts under both principles are identical forh = 1.

As an example, consider theNaive forecasting method. Because the method is optimal
when data follow a random walk without drift, the forecasts are also callel random walk

Ahead by repeatingy ; for S times. A selected method's forecasts replacg .1, in Eq. (3.9)
and Eqg. (3.10) to obtain the forecast error metrics for the respective mthod.

The extension to the FTSA case is straightforward. In one period, intead of comparing
one univariate forecast and one univariate observation, an observed curve dna forecast
curve are compared point-by-point. This procedure is repeated fortie complete test set.

MSABC  Comparing the forecasts with the observed curves requires a new rasure. A
point-by-point comparison was possible in the previous case only becaeaghe smoothed
data were evaluated at the same points. Now, an integral-based measure istioduced to

take into account that the curves were observed on irregularly spacedntervals and the
forecasts exhibit a similar pattern. Hence, the new measure considg the inherent shape
di erences of the supply curve caused by bid size variations and legth variations. The

MSABC follows the idea that as the shapes of two curves are similar, therea between
them is small, and, hence, the forecasting method provides a morergcise prediction. For
this purpose, lety; (x) be some observed curve ang (x) some forecast. Then, the MSABC
for the evaluation interval [ o; ] is given by

¥ 2 Z . 2
MSABC =S 1 Y +h (x) dx ¢on(x)dx (3.13)
h=1 0 0

where ¢ denotes the lower limit and | the upper limit.

The observed curve and the forecast may intersect, leading to a biasl MSABC. To
correct for intersections between observed curve and forecast, tHISABC incorporates
the absolute area between intersection points if they are preserit. Suppose there ard. 1
intersection points denoted by 1to | 3. Then,let | with | =0;1;::;;L 1, L collect the
upper and lower evaluation interval limits along with the intersection points. Then, the
corrected MSABC is given by

)@ 'X 1 Z 1+1 Z I+1 I 2
MSABC =S 1 Y +h (x) dx Yin(x)dx (3.14)

®The intersection points are calculated by utilizing simple features standards from the sf package in R
Simple features standardize the storage and representing of two-dimensional shages.
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With no intersections, Eq. (3.13) is a special case of Eq. (3.14).

The integral of the observed curve or forecast, i.e., the area under th curve, is either
approximated by a stepwise connection of two points (Step) or by linar interpolation
(Linear). The two approaches follow di erent ideas. The Step approach onsiders the
inherent step function shape of the supply curves. However, a fomasting method might
produce a curve not covering the whole interval from ¢ to |, i.e., the curve is truncated
at the end, beginning, or both. In this case, the Step approach only useshe available
points within a curve, whereas the Linear approach interpolates the tuncated section by
the closest available value of the curve. The forecasts are also obtainedtder the Ahead
and Rolling principle.

3.4 Market and data

3.4.1 German balancing market

The power grid requires a constant balance between demand and suppbchieved under
the load-frequency control concept. The concept of load-frequency carol allows to ensure
physical delivery of electricity by correcting load deviations in case of under- or oversupply.
But this is challenged by the increased penetration of renewable emgy resources, which
requires the maintainer's approach to be exible, as argued by Alhelou eal. (2018) in
their extensive review.

Van der Veen and Hakvoort (2016) de ne the balancing market in general as the
institutional arrangement that establishes market-based balance anagement in an unbun-
dled electricity market. In Germany, the four TSOs 50hertz, TenneT, Amperion, and
Transnet BW procure balancing power products in order to stabili ze the grid, if there are
deviations from the target frequency of 50 Hz, and are organized agrid control cooperation
(GCC). As a member of the European Network of Transmission System Operators for
Electricity (ENTSO-E), the GCC maintains the balancing market pursuant to Articl e 18(5)
of Commission Regulation (EU) 2017/2195 of November 23, 2017, and the MfRRA? The
tendering is intended to be open, transparent, and free from disémination according to
guidelines of the Federal Cartel O ce (Bundeskartellamt, BKartA), t he national regulatory
authority (Bundesnetzagentur, BNetzA), and the EU.

The TSOs organize a multi-unit pay-as-bid auction, and potential providers have to
undergo pre-quali cation covering the ability of applicants to prov ide the products in the
required quality, e.g., the activation time, and to guarantee the information exchange with
the responsible TSO. Currently, there are 57 pre-quali ed providers. The auction follows a
merit-order principle for a cost-friendly procurement accepting ascending price o ers until
the pre-announced demand is met.

There are three types of balancing power procured, which di er intheir activation time:

The MfRRA are guidelines for supplier of balancing power and are available in version 2.MfRRA of
2020/11/02 on the website of the GCC, Link.
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Frequency Containment Reserve (FCR, formerly: primary control reserve) with an
activation time of 30s,

Frequency Restoration Reserve with automatic activation (aFRR, formety: secondary
control reserve) with an activation time of 5 min, and

Frequency Restoration Reserve with manual activation (mMFRR, formerly tertiary
control reserve) with an activation time of 15 min.!

After the announcement of the required capacity of balancing power by he TSO, each
pre-quali ed service provider can submit a bid that includes a @pacity in Megawatt (MW),
a capacity price [R&/MW], and energy price [&/MWh]. The capacity price is paid for the
provision of balancing power, and the energy price is paid for actually dployed power.
The capacity is also referred to as the bid size.

As of December 1, 2007, the tender is made jointly by all four TSOs, and from Jy
27, 2011, until July 12, 2018, the auction was held weekly according to Decision NIBK6-
10-098 of the BNetzA. The required capacity was quarterly announced. The aFRs are
distinguished by positive products (for excess of power consumin) for the participants to
provide reserves or negative products (for lack of power consumptignfor the participants
to take power. They are labeled POS and NEG, respectively. Additiorlly, the aFRRs are
procured for di erent periods. The abbreviations HT represents Monday to Friday from
08:00 to 20:00 and NT represents Monday to Friday 20:00 to 08:00 as well as Saturday
Sunday, and holidays 00:00 to 24:00. So, the providers can o er aFRRs for di eent
categories. A category combines a product (POS, NEG) and a period (HT, NT) The bids
are accepted according to the capacity price, and the activation followghe energy price,
where the TSOs aim to achieve a cost-friendly ascending order for bbtcases.

Recently, there have been a few changes for this market. Since Jull2, 2018, according
to Decision Nr. BK6-15-158 of the BNetzA, the auction is held daily, and the peiods are
changed from HT and NT to 4h-blocks from 00:00 to 24:00 for all days of the week for
POS and NEG. Since December 9, 2019, the required capacity is not quartgrlannounced
but for each product individually. Furthermore, on November 2, 2020, an addtional but
closely related market under the name balancing energy market was intrduced due to
article 16 (5) EB-VO allowing the provider of an accepted bid to adjust the energy price
after the initial auction.

The GCC is legally required to publish the anonymized data of the suply curves on
their platform, regelleistung.net, according to the mentioned legaldocuments and Y9 of the
electricity grid access ordinance (StromNZV). Due to the publication obligation, the data
is available, but the changes of the publication format make data processg a necessity.
This project contributes large data sets with a detailed distinction between the supply and

" This terminology follows the European guidelines and was implemented by t he GCC in June 2018 in
the MfRRA, Sec. 4.9.
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demand side for the literature on balancing power markets and the preittion of functional
time series. For future analysis and a clean procedure, it uses thidyverse (Wickham
et al., 2019), a widespread collection of packages for data science sharing anderlying
design philosophy, grammar, and data structures.

3.4.2 Descriptives

The complete data set of this project consists of 3.01 million observatins and covers the
period from June 2011 (2011/06/27) to November 2020 (2020/11/02) from the supply side.
One observation is the (anonymous) provider's bid for one category (eiter POS or NEG
and one period). The TSOs represent the demand side by their annowed quantity for
each category and the procured supply.

This project contributes three data sets. The primary data set, balancing_market ,
collects the bids of pre-quali ed providers for each category of the aFR. The second
data set, demand_anrcovers the quarterly demand of aFRR and mFRR that the TSOs
announced on their platform. The last data set covers the procured spply of aFRR in
demand_obs All data sets, the codebook, and interactive 3D models are available dime
at the OSF.12

As mentioned before, the analysis is limited to the aFRR due to its réevance. In
particular, the present study uses the capacity price of the POS HT alRR of the weekly
auctions from 2011/06/27 to 2018/07/09 (n = 33; 506 for 368 weekly auctions). Fig. 3.3
illustrates the development of the capacity price over time for a skection of 20 observed
supply curves that are temporally equally spaced and unprocessed. He price spikes that
are common phenomena of the electricity market are also present in thbalancing power
market. There seems to be a downward trend starting in 2014, which is ab found by
Hinderks and Wagner (2019) in their analysis of the German day-ahead electrity market.
The commonality illustrates the close relationship and dependencie between the two
markets.

One supply curve shows the capacity price along the axis of accumulatebid sizes
(0 MW to 2000 MW) up to the announced demand in Fig. 3.3. The last element of a
supply curve is the point from which the TSOs do not accept any further bids and thus
truncate the supply curves. The remaining (not accepted) bids arenot publicly available.
Hence, market participants cannot include all o ers in their bidding strategy. The 20
examples in Fig. 3.3 show that the supply curves exhibit not only beween-curve variation
but also within-curve variation. The solid black line along the time axis (Jun 11' to Jul
18" represents the capacity prices of each week's rst bid, and the kack points mark the
rst o er of the 20 examples. The graph visually con rms the price spik es that lead to the
between-curve variation, as the rst capacity price de nes the shape of the curve. Each
weekly curve is colored by a blue to red scheme with 21 shades in ireasing order, as
shown at the bottom of the gure. The color represents the bid size. The non-constant but

12The online depository is online reachable by Link or Online (2022h).
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Figure 3.3. Supply curves for the German balancing market from 2011/06/27 to 2018/07/09 for
weekly aFRR POS HT.

Note: The sample consists of only n = 20 temporally equidistant curves for visibility reasons. Each curve
maps the cumulative MW supply to its respective capacity price, where the prices are in increasing order.
The solid black line marks the price of all rst bids. The black dots mark the rst pric e for each of the
20 sample curves. The coloring scheme from blue to red with 21 shades represents ki size intervals and
illustrates the unequal MW bid sizes across the periods along the prices axis by the non-homogeneous color
gradient. The average capacity price for the weekly auction is 293.20 /MW, the average o ered capacity
is 22.32 MW, and the average number of bids, i.e., the sequence length, is 9105.
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changing color gradient of each curve highlights the within-curve variaions. The observed
jumps within the curves leading to the di erent slopes imply th at suppliers demand very
di erent prices and vary the bid sizes. This substantial variation in the o ered capacity is
con rmed by the empirical cumulative distribution function of the bid sizes in Fig. A.1. It
shows that capacities smaller than 20 MW barely cover 50%, and bids sizesf up to 50
MW cover roughly 94% of all observed capacity sizes in the weekly auction.

Moreover, the supply curves di er in their sequence length, ie., the weekly number of
bids, for two reasons. For one, given the wide range of dependency on etiécity, the need
for regulation lets the demand vary quarterly or daily, partly determin ing the length of a
sequence. Secondly, the auction format does not regulate the pricevels in their increment
sizes or the upper limit of capacity o ers, which leads to the slope vaiation. Fig. A.3
shows the observed sequence lengths and provides visual eviderfor these problems.

Table 3.2 summarizes the weekly auctions of the POS HT aFRR. The averageapacity
price is 293.208/MW with a standard deviation of 220.65 &/MW. The smallest capacity
price is O&/MW and the highest 1531 &/MW. The average o ered capacity is 22.32 MW
with a standard deviation of 17.73 MW. The demand ranged from 1869 MW to 2500 MW.
The TSOs accepted 91.05 bids on average with a standard deviation of 23.77. Theeekly
auctions achieved the announced demand by accepting at most 148 bids. Cadsring all
procurements that were hold, the smallest number of accepted bids 41. The smallest
capacity was 2 MW and the largest 300 MW. Table A.1 in the appendix providesmore
descriptive statistics for the other product categories.

Table 3.2. Descriptive statistics of POS HT.

Variable N Mean Std. Dev. Min Oo2s Qo7s  Max
Capacity price 33506 293.20 220.65 0 128.23 367 1531
O ered capacity 33506 22.32 17.73 2 8.00 35 300
Demand 368 2032.64 99.87 1869 1973.00 2091 2500
Number of bids 368 91.05 23.77 41 70.00 112 148

Note: The table provides descriptive statistics for the weekly auctiors of POS HT. The
column .25 shows the rst quartile and the column qy.75 shows the third quartile.
The capacity price is given in &/ MW, the o ered capacity (bid size) and the demand
is given in MW.

Overall, the curves vary between each other and within themselvesThese characteristics
force market participants to incorporate volume risks, undisclosed ompetitor behavior,
and extreme price movements in the development of their biddingstrategy and decision-
making processes. Under these circumstances, reliable forecasttow to e ciently allocate
resources and maintain e ective balancing management, guaranteeing aigpher degree of
security-of-supply. However, a consequence of these variations tlsat supply curves are
observed under irregular spacing, making data processing necessdvgfore applying some
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forecasting methods.
3.4.3 Data processing

This section provides details on the data processing that some behmark methods in
Section 3.3 require. To this end, let formally a provider's bidi in period t be given by

(CTH M E (3.15)

where ¢ represents the o ered capacity in MW, p§ the capacity price in [&/ MW] and

the capacity price of the aFRR in POS HT of the weekly auctions from 2011/06/27 to
2018/07/09. The sample is split into training ( = 338) and test set (S = 30), where the
latter covers the supply curves from 2017/12/18 to 2018/07/09 and serves as the basis
for computing the evaluation metrics in the Results section. In geneal, the prices are
min-max normalized to the range from 0 to 1. The minimum and maximum are found
within the training set.

Univariate case In the univariate case, a measure to summarize the supply curve is
required. For this purpose, the average weighted weekly capacity pricBWWC price) for
each week is computed. That is

pi= — P— pi: (3.16)

The AWWC price is illustrated in Fig. A.2, and the shape is similar to t he solid black line
in Fig. 3.3.

Input for the RNAA Typically, forecasting techniques based on neural networks utiliz
the Window approach for seq2seq prediction, which interprets the ime series as a sequence
along the natural time axis. However, for the RNAA, the sequences follow e bid order of
the providers within one period. This fact highlights an essental di erence in understanding
sequences compared to other approaches. In a rst step, this can bdubtrated using the
simplest sequence form for the univariate case. Here, the simple ggence,y, on which
the RNAA operates, is de ned as

yt¢ = (start; p;; end); (3.17)

wherestart and end are numbers illustrating the start and end of the sequence, respéigely.
So, for each period, a sequence of 3 steps is created. In contrast, tiiéindow approach
would generate sequences collecting multiple prices/periodshigeneral. Eq. (3.17) originates
from the eld of NLP, where a network aims to solve the task of translating sentences in
two di erent languages. To this end, the probability of matching words of two dictionaries
is optimized. However, for the network to understand the start and erd of the sentences,
both dictionaries are extended by two unique characters, words, or sybols placed at the
start and end of each sentence.
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The RNAA receives two inputs and one target output. By the imposed autorgyressive
input data structure, there is one input, y{, and one target sequencey+1, with each
consisting of three steps. The implementation of teacher forcing iran e cient manner
requires that the target sequencey+1, is split into two shorter sequences the second
input yi1, and the target output y?4 . First, the target sequence is duplicated, and then
one target sequence is reduced by thend entry to generate the second input,y!l, . After
that, the start entry in the second target sequence is omitted to nalize the target odput,
yod . This format is common in NN projects and generated for each period. So, the
RNAA receives during the training process the rst input y¢, the second inputy{l,, and
the target output y?% de ned by

yi = (start; p; end);  yh, =(start; pu1);
out

Yerr = (P+1; end):

In the functional case, the AWWC prices p; and pi+1 are replaced by the smoothed

(3.18)

supply curve introduced in the following. In the supply curve case, the AWWC prices are
replaced by the non-smoothed non-truncated supply curves consistg of the accumulated
bid sizes and the capacity price.

Functional case  The supply curves su er from unequally spaced observations within
each curve, as discussed before, and are truncated by the announcednind. The latter
problem can easily be shown when looking at the announced demand and trsupply over
time in Fig. A.5. The demand varies over time due to multiple factors, so the supply
curves are observed up to di erent MW levels. The maximum demand br the present
case is 2500 MW, while the smallest is 1869 MW. Consequently, all supplyucves are only
jointly observed in the range from 0 MW to 1869 MW. Hence, the following functional
data analysis needs to be limited to observations up to 1869 MW. For perfanance reasons,
the prices were logarithmized (e.g. Kleeboe et al., 2015) after an o set of +lwas added
to each price controlling for prices of 0. The steps of the MWs were normlized to the
interval [0; 1] by representing each bids' capacity as a fraction of 1869 MW. These cues
were smoothed as common in functional data analysis (Ramsay et al., 2009) to egunt for
the discrete observations.

Each curve was smoothed by a cubic penalized spline (P-spline; Eers and Marx, 1996)
and constrained to be monotone increasing following Meyer (2012). P-spiles are widely
used, see Eilers et al. (2015), and are less computationally challenging dsdy use a discrete
penalty matrix. The method relies on equally spaced knots and a B-sphe basis while
the penalty term, , governs the smoothness of the curve. For each curve, the optimal

is found by a leave-one-out cross-validation (CV) scheme. Meyer (2012) pposed a
shape-constrained P-spline estimator obtained by a weighted projdion of the data onto a
polyhedral convex cone. The parameters were chosen by the smallestexrage generalized
cross-validation (GCV) value. Each smoothed curve was evaluated at 100 equslspaced
points for further analysis. As in the univariate case, the sequenceare extended by a
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start and end character. Hence, the approaches are supplied with smoothed and joirtl
truncated supply curves.

In the univariate case, it is common practice to check for stationarity of the time series
before estimating a model. In the context of functional time seriesHorvath et al. (2014)
propose a test with the null hypothesis that the functional time series is strictly stationary.
For the smoothed data, the null hypothesis cannot be rejected with a pvalue of 0.277
(Kokoszka and Shang, 2017).

Window approach The RNAA competes with simple NN models that rely on the

Window approach for an additional evaluation step. In order to use a toolboxthat

implements the Window approach, the supply curves must be transfrmed to a seemingly
two-dimensional time series. Hence, the supply curves are stackead time, so the x-axis

represents the time dimension, where the intervals between ta dates are subdivided by
the bid numbers. Fig. A.7 shows these stacked time series for theapacity price and the

cumulative MW in the top and bottom panel, respectively. So, one windav (blue) captures

a supply curve as input and a second window (red) captures the consative target supply

curve. The bid number is the position of a capacity within a supply aurve determined by
the increasing order of the capacity prices. Since each bid, see E(B.15), consists of a
capacity and a capacity price, both values share a common bid number, sdhe Window

approach can correctly collect them in two separate series, as shown IFig. A.7. Then, this

technique moves both windows simultaneously ahead along the time axiby the identical

number of steps for the next input and target pair.

Supply curve case In the nal case, the RNAA receives the supply curves as a two-
column matrix. For example, the input has the form

0 1
start start
Ot Pt
Yt = : : ; (3.19)
P
int Ot p(r:nt
end end

where the rst column is the accumulated bid size, given by for the second step, and
it + Ot for the third step, and so on. Note that the notation in this paper is not adapted
for this case. For technical reasons, iffensorFlow, all sequences have the maximum length,
but a very small negative value (-1e-12) lls the sequences after theend character.

3.5 Keras Tuner - optimal hyperparameters

The performance of machine learning methods crucially depends on ghhyperparameter
choice. With the almost in nite number of con guration possibilities , the need for a
systematic approach arises. Furthermore, the growing size of netwoskand the availability
of extensive data sets result in long computation times and complex iteractions between
and within layers. These are almost untraceable, making it di cult t o evaluate the exact
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impact of parameter changes and their point of e ect, rendering a bruteforce approach in
most cases unfeasible.

The RNAA architecture applied here depends on the following hyper@arameters. Within
each layer, the cells haveactivation function s, which govern the gates of LSTM or GRU
cells or compute the output. One common example is thdogistic sigmoid function,

1

(x) =
which is applied element-wise on vectors in the present case. In geral, this functional
speci cation limits the output to the range of (0 ; 1). Further examples of similar activation
functions are the hyperbolic tangent(tanh) or the softmax function, or the recti ed linear
units (ReLU) function. The choice of activation functions in Bahdanau et al. (2015)
is kept as far as necessary in the RNAA. Experimental trials show that in ®me cases,
di erent functions lead to better but in some others also to worse paformance. The output
activation function of the Decoder and the deep learning layers werehanged to thelinear
function to account for the range of the supply curves.

After the gradient has been acquired byback-propagation(Rumelhart et al., 1986), there
exists a multitude of methods for the network to learn, which is the process of adjusting
the weights of a network to map inputs to outputs, such as the famousstochastic gradient
descent A number of hyperparameters de ne the behavior of these learning rathods as
well, such as thelearning rate, i.e., the step size at each iteration, and method-speci c
parameters to adjust for learning rate scheduling the later ne-tuning of the weights in the
optimization process.

Moreover, the model designer has to choose the humber of units with a cell of each
layer, often referred to as thelatent dimension and closely related to the output dimension
of layers, which can di er for each layer type or be normalized to a sigle parameter. In
addition, initializer s, i.e., the starting values of weight matrices, bias terms, and theriitial
states of cells, if present, and the number of samples fed to the nebrk in one iteration
step, the batch size need to be speci ed. Thedepth of a neural network refers to the
number of layers it incorporates, and oneepochis one training step, where the complete
training data are passed forward and backward through the model. In the RNAA context,
the depth counts the number of deep learning layers.

The RNAA is programmed as part of the Keras'® environment, which comes with
a number of bene ts. During the network building process, the architect has access to
pre-de ned functions, such as standardized tting and evaluation functions and tools for
visualizations and reporting. Furthermore, as Keras is one of the most used top-level
frameworks in machine learning applications, new features are added sadily and are easily
integrated into the RNAA. With the recent advances and updates of TensorFlow, a new
package was introduced, which allows the systematic optimization of tle hyperparameters.

13For more details, consider the o cial website Link or Online (2022f).
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The Keras Tuner'# works with a HyperModel, i.e., the set of all potential combinations
of selected hyperparameters, and lets the architect specify a sedr for an optimal model,
that is, the model with the smallest evaluation metrics, in a sophigicated way. The
currently available search methods, labeled aJuner s, include the Random Search Bayesian
Optimization, and the Hyperband Search where the last extends the successive halving
algorithm and is based on principled early-stopping to re-allocate avdable resources (Li
et al., 2018).

The search results can be illustrated under mild restrictions ina three-dimensional space,
as shown in Fig. 3.4, where the Tuner operated on the smoothed and jointlyruncated
curves (functional case). The parameters that de ne the Tuner's HyperModel restrict the
search space. First, the latent dimension was normalized to be the sagnin each layer:
in the Encoder, the Decoder, the attention mechanism, and the dee learning layer(s).*®
Then, the number of units within each layer was limited to the natural range of 8 up to
32. The depth of the RNAA could vary between non-existent (zero) or at most anount
to ve additional deep layers. The Tuner could switch between two learning algorithms,
AdamKingma and Ba, 2015) and stochastic gradient descent, with three learnig rates
of 0.01, 0.001, and 0.0001. Finally, the Tuner was allowed to allocate 20 epochs dng
its search. In the rst step, it tries to train as many models as possble and then reduces
the number of initially considered models by a constant factor of 2. Fig.3.4 displays the
best 25 model trials, but their training duration, the number of epochs, di er. Hence,
the gure provides only tendencies of the e ect of the con guration concerning the loss
on the validation set and aims to indicate the potential and relevance of hperparameter
tuning. Given more evaluated models, the points generate a surface andf trained for the
same duration, illustrate the impact of changes. However, due to the radom initialization
of weights, states, and biases, the reported results of a Tuner mighticer between trials
and even platforms. Fig. 3.4 provides hints that comparably small (latert dimension) and
moderate deep models represent a good choice for a good performance.

3.6 Results

The performance of the RNAA is evaluated in three steps. In the rst step, the RNAA is
compared to the ARMA-GARCH model class (univariate case). Additionally, the attention
plot is introduced, which is the visualization technique that comes with the RNAA. The
second step shows the results when the smoothed and jointly trurated supply curves form
the basis for estimation and forecasting (functional case). In the last ®p, the RNAA
operates directly on the supply curves with varying sequence legths (supply curve case).

The o cial website can be found at Link or Online (2022e).
5In the notation of Appendix A.1, that relates to ne = Ng = Na = Np.
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Figure 3.4. Keras Tuner - illustration of the 25 best trials in the functional case.

Note: The Tuner was the Hyperband search optimization on the smoothed and jointly truncated supply
curves for the weekly auctions. The evaluation metric was the validation loss of the model as MSE. There
are two learning methods, Adam(adam) and stochastic gradient descent (sgd), with three di erent learning
rates, illustrated by symbols: dot (0.01), downward-facing triangle (0 .001), and star (0.0001). The models
are identi ed by their latent dimension and their depth but trained for di erent numbers of epochs according

to the Tuner round.

3.6.1 Univariate case and the attention plot

In the univariate case, the RNAA uses a share of 0.237 of the training set foralidation. 16
The latent dimension shared by Encoder, Decoder, attention mecanism, and Deep Learning
is 28. The optimizer is Adamwith a learning rate of 0.01. The Deep Learning consists of
5 additional deep learning layers. The model is trained for 30 epochsThe batch size is
exible and determined automatically during the training process. These hyperparameters
were selected by a Hyperband search with th&eras Tuner in the restricted search space
of Section 3.5. The tuner was also employed on di erent data formats. Thestart character
is -1, and the end character is -2.

The estimation of the ARMA-GARCH model is based on the rst di erences, and the
algorithm proposed by Hyndman and Khandakar (2008) provided the initial order of the
ARMA( p; ) process. The subsequent grid-search for the order of the GARCHi(s) with

criterion (BIC) and with appropriate properties. The di erenced forecasts are retransformed

to levels by adding their aggregated sum to the last observation of the traiing set.
Table 3.3 collects the evaluation metrics in the univariate case for theNaive, the

ARMA-GARCH, and the RNAA. 7 It presents the MSE and the MAE under the two

18The number of observed curves isn = 368. The training set consists of 338, of which 80 form the

validation set for the RNAA. The test set consists of 30 curves for all a pproaches.
"The benchmark models can be found in Table 3.1.
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forecasting principles. The RNAA has a smaller MSE than Naive, i.e., reeating the last
observed AWWC price under the Rolling and Ahead principle. This holds true for the

MAE as well. The RNAA is also more precise than the ARMA-GARCH approach. This

is even more striking due to the fact that the simple sequences ém Eq. (3.17) force the
RNAA into learning to predict the end character simultaneously while both other methods
are operating on the univariate AWWC price time series. Moreover, the table reports only
the deviations of predicted and observed AWWC prices for the RNAA. Whenthe deviation

between the predictedend characters and the trueend characters is also included in the
calculation, the RNAA's evaluation metrics become even smaller.

Table 3.3. Forecast accuracy evaluation (univariate case).

MSE MAE
Method Roling Ahead Rolling Ahead
Naive 0.00089 0.00864 0.02165 0.08474
ARMA-GARCH 0.00195 0.00609 0.03696 0.07007
RNAA 0.00085 0.00234 0.02132 0.03976

Note: The table summarizes the MSE and MAE between the
true and predicted AWWC price under the Rolling and Ahead
principle. The predictions are based on the Naive method,
the ARMA(1 ;1)-GARCH(1; 1), and the RNAA. The RNAA is
trained with the AWWC prices in their simple sequence form,
see Eq. (3.17). The other two operate on the AWWC prices
directly.

After the RNAA has been su ciently long trained, its attention mechani sm and the
attention weights assigned to the processed input can be visualizedrlhis visualization is
frequently labeled asattention plot, and in the translation context, it illustrates relations
between a given input and its translation similar to a correlation heatmap. From an
introductory perspective, this tool is best presented now in he univariate case. The
attention plot is a two-dimensional plot that shows the attention weight s of the attention
mechanism averaged over the training set. It summarizes the averagghare, in other words,
the assigned attention during training, of each step of the input sequece for every single
step of the target sequence, so the row sum in the plot equals 1.

In Fig. 3.5, the attention plot for the RNAA in the univariate case is depict ed. It shows
the importance the attention mechanism assigns to each step of the inguo predict a
target step. Since the sequences are short, the numbers in the tangles mark the size of
the attention weights, and additionally, the coloring highlights more im portant steps in a
darker shade. To control for outliers, the color range is truncated at the 9%% quantile of
all observed weight sizes, and larger weights than the quantile are grouglein the largest
category. The displayed attention weights are each computed by averagu all weights for
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Figure 3.5. Attention plot (univariate case).

Note: Each sequence consists of the average weekly weighted capacity pricand the start and end. The
model was trained on the data from 2011/06/27 to 2017/12/11. The atten tion weights displayed in the
attention plot are the average of all input and target training sequences. Addi tionally, the coloring illustrates

from light to dark shade the amount of attention assigned in ascending order. A ttention weights over the
99.5% quantile are grouped in the darkest category for visualization reasons.

one step pair of the target and input sequences in the training set.

It can be seen that the RNAA correctly allocates the most attention (0.63) to the
second step of the input sequence, which represents the curreAWWC price, p; to predict
the future AWWC price, pi+1, Which is the rst step of the target output sequence; see
Eqg. (3.18).

3.6.2 Functional case

In the functional case, the RNAA again uses a share of 0.237 of the training setof
validation. The latent dimension shared by Encoder, Decoder, attetion mechanism, and
Deep Learning is 31. The optimizer is againAdamwith a learning rate of 0.01. The Deep
Learning consists of 4 additional deep learning layers. The model is agaitrained for 30
epochs. The batch size is exible and determined automatically dumng the training process.
These hyperparameters were selected by a Hyperband search as pretegl in Section 3.5.
The start character is 0, and theend character is 1.

The simple NN benchmark models, namely Dense, CONV, and LSTM are also &ined
by the Adanoptimizer with a learning rate of 0.01 to ensure comparability. The TensorFlow
library comes equipped with an early-stopping functionality for the learning process. It
stops the weight adjustment when it detects no favorable changes infte monitored metrics,
e.g., when the decrease in a metric is below a pre-de ned thresid. The simple NNs
can learn for at most 20 epochs. However, the granted amount of epochs was mevully
exploited since the learning was always stopped earlier.
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The forecast error metrics for the functional case are summarized in Tale 3.4. Obtaining
the Naive forecast follows the previous section, but it consists of takig the complete past
curves instead of the scalar values of past AWWC prices. The RNAA is more gcise than
the simple NN models, which have trouble performing better than the Naive forecast. The
RNAA has lower metrics than the Bosq estimator, which shows better pediction than
the Naive forecast. Only under the Rolling principle, the FTSA methodology performs
better than the RNAA. Under the Ahead principle, the table is turned, a nd the RNAA
shows more precise forecasts than the FTSA. Under the former princig, one potential
driver for this result might be that the RNAA, despite the Rolling pri nciple, feeds, for each
step, its own prediction of the previous step in its computation procedure which causes an
accumulation of errors. In particular, the teacher forcing requires asecond input which is
the predicted next step, and the inherent step-by-step procssing of sequences of an RNN
is leading to this collection of errors for each step of the target sequeare.

Table 3.4. Forecast accuracy evaluation (functional case).

MSE MAE

Method Roling Ahead Rolling Ahead
Naive reptition

Naive 0.00280 0.01236 0.02631 0.08350
Neural networks

Dense 0.00304 0.13503 0.03227 0.31910

CONV 0.00497 0.16722 0.05191 0.37502

LSTM 0.01539 0.02570 0.11103 0.14653

Functional time series models
Bosq 0.00248 0.01164 0.02721 0.09135
FTSA - Uni 0.00221 0.00983 0.02418 0.07965
FTSA - Multi  0.00228 0.00834 0.02106 0.07095

Proposed model
RNAA 0.00247 0.00700 0.02619 0.06985

Note: The table summarizes the MSE and MAE between the
smoothed curve and the predicted curve under the Rolling
and Ahead principle. The predictions are based on the Naive
method, the simple NNs (Dense, CONV, LSTM), the functional
time series methods (Bosq, FTSA - Uni, FTSA - Multi), and
the RNAA. The simple NNs are using a Window approach im-
plementation. All predictions are based on the smoothed supply
curves. Each smoothed curve was evaluated at the same points
allowing the MSE and MAE to be calculated point-by-point.
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Fig. 3.6 displays the attention plot of the RNAA in the functional case. It indicates that
larger weights are around the beginning of the input sequences, impigg that the starting
price of the sequence determines the shape of the supply curve.v€rall the deviations are
small, but since the sequence length is around 100, the sum of impacts of erstep of the
input, which is the vertically collected sum of weights, on the compete target curve is
worth mentioning. The attention plot does not reveal sizeable movemets in the attention
weights for most of the remaining sequence. Conceptually, the RNAA preides attention
weights for each couple of input and target sequences. So for each coupée attention plot
is creatable, and it could be possible to identify more precise pattes in these individual
plots. However, a few hundred plots might be challenging to interpet.
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Figure 3.6. Attention plot (functional case).

Note: The sequences consist of the smoothed and jointly truncated supply curves evalated at 100 equidistant
points. The attention weights displayed in the attention plot are t he average of all input and target training
sequences. The model was trained on the data from 2011/06/27 to 2017/12/11. The coloring illustrated
from light to dark shades the amount of attention assigned in ascending order. Attention weights over the
99.5% quantile are grouped in the darkest category for visualization reasons.

3.6.3 Supply curve case

In the supply curve case, the RNAA shows its full capabilities. In apreliminary step,
Appendix A.3.1 shows how the RNAA outperforms simple NN implementations in almost
all comparisons. In a next step, the RNAA competes with FTSA approaches.While the

FTSA approaches require smoothed curves to be evaluated at the same mié to get the

same number per curve, the RNAA directly operates on the supply cures. Moreover,
before smoothing, the curves were constrained to a common range. Thushe FTSA

methods are not able to predict beyond this range. In contrast, the RNAA is not restricted

this way.

The comparison of FTSA and RNAA methods consists of two scenarios. The rt
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scenario covers predicting the complete curves from start to endlt allows the procuring

parties involved a more quali ed decision as the forecast serves as a g@ost estimate.
In the second scenario, the focus shifts to the upper quartile of tb curves. Here, the
supplying parties involved might aim to place bids to maximize the revenue. To this end,
the bids must be within the acceptance range, i.e., being part of thecurve but in the more

pro table last quarter. In both scenarios, the RNAA shows excellent paformance.

The con guration of the RNAA is the result of extensive testing of various possible
combinations. Compared to the other cases, the model is minimal. Theraining process
uses a share of 0.237 of the training set for validation. The RNAA has a latent dnension of
16 and four additional dense layers to account for a deep learning struare. The optimizer
Adanis responsible for training with a learning rate of 0.01. The model is tained for 25
epochs. The batch size is exible and determined automatically duing the training process.
The start character is omitted, and the end character is -1e-12.

Table 3.5 summarizes the MSABC for this case under the Rolling and Aheaddrecasting
principle approximated by Step and Linear. At this point, it must be emphasized again
that the RNAA uses the non-truncated supply curves. The FTSA methods (Bosg, FTSA
- Uni, FTSA - Multi) use the truncated supply curves, i.e., | = 1 while the metrics
for RNAA and the Naive method are computed up to the | = ¢, where { 1 is the
maximum demand as a share of 1869 MW in a week Thus, the RNAA is in a worse
position from the start.

Despite that drawback, the RNAA shows the best performance by proviling the smallest
MSABC, as shown in the top panel in Table 3.5 for the total range. The MSABC is
computed for all methods starting at ¢ = 0. Bosq shows no improvement compared to
Naive but performs even worst. FTSA - Multi constantly outperforms th e univariate
approach FTSA - Uni. Compared to the best of the other approaches (FTSA - Muti),
choosing the RNAA can reduce the MSABC by 11.9% (Rolling, Linear) and 13.9% (Ahead
Linear).

The picture is slightly di erent for the upper quartile. The MSAB C is computed for
all methods starting at the average of the weekly third quartiles, o = 0:7598. Each week,
the third quartile is the point (share of 1869 MW) where 75% of the bids are paced below.
Given the announced demand, this calculation incorporates the bid sigs and the number
of bids. Under the Rolling principle, the Naive method bests all othe methods, except the
FTSA - Multi in the Linear column. Here, both achieve a similar performance of 0.00006.
The RNAA also achieves this performance if one evaluates its predictionup to | =1,
as done for the FTSA - Multi, instead of the actual supply curve end. Of course, this
adjustment would also decrease the RNAA's MSABC for the total range; for more etails,
see Table A.3. Under the Ahead principle, the Naive method performs rerarkably well,
again. The only method that outperforms the Naive one is the RNAA. It can reduce the
MSABC of the Naive method by 36.1% (Ahead, Linear).

The RNAA's attention mechanism produces attention weights based on the taining set
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Table 3.5. Forecast accuracy evaluation (supply curve case).

Rolling Ahead
Range Method Step  Linear Step Linear
Total Naive 0.00195 0.00192 0.00922 0.00915
Bosq 0.00219 0.00207 0.01179 0.01117

FTSA - Uni 0.00185 0.00171 0.00956 0.00904
FTSA - Multi  0.00181 0.00168 0.00815 0.00770

RNAA 0.00163 0.00148 0.00777 0.00663
Upper quartile  Naive 0.00012 0.00006 0.00053 0.00036
Bosq 0.00020 0.00008 0.00077 0.00056

FTSA - Uni 0.00018 0.00007 0.00063 0.00044
FTSA - Multi  0.00016 0.00006 0.00057 0.00038
RNAA 0.00019 0.00007 0.00027 0.00023

Note: The table summarizes the MSABC between the true curve and the pre-
dicted curve under the Rolling and Ahead principle. The FTSA methods (Bosq,
FTSA - Uni, FTSA - Multi) are evaluated up to 1 [truncated supply cur ve].
The RNAA is evaluated up to the true end of the supply curve [non-truncated
supply curve]. The columnRangede nes the starting point, i.e., the total range
isfrom ¢=0to | 1, which depends on the methods. The upper quartile
starts at the average upper quartile of 0.7598. The area under the curves is
approximated by a stepwise connection of two points (Step) or by a lirar in-
terpolation (Linear).
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as in the previous sections. Fig. 3.7 displays the corresponding ati#ion plot. Contrary
to the attention plot in the functional case, this plot shows that the R NAA considers the
last third of the input sequences more relevant for the complete targesequence than the
remaining parts. Moreover, the deviations are visibly higher than inthe functional case,
where the focus has been on the price dimension. In the supply cue case, the focus partly
shifts to the capacity dimension since each step is a bid consistinof the capacity price
and the capacity. Combined with the attention plot, this leads to an int eresting insight:
when using the supply curve's price dimension only and the forecass restricted to the
prices without considering the irregular spacing given by the bid &es, valuable information
might be lost.
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Figure 3.7. Attention plot (supply curve case).

Note: The sequences consist of the supply curve as they were observed. The attention wights displayed in
the attention plot are the average of all input and target training sequences. The model was trained on
the data from 2011/06/27 to 2017/12/11. The coloring illustrated from li ght to dark shades the amount
of attention assigned in ascending order. Attention weights over the 99.5% quantile are grouped in the
darkest category for visualization reasons.

3.7 Note on implementation

This section brie y discusses some remarks regarding the implenmtation of the RNAA
in Keras. Keras is an API that makes model building straightforward and has a large,
helpful, and active community along with extensive documentation ard development guides.
It runs on top of TensorFlow 2.0, an open-source library for di erentiable programming
developed by GoogleBrains, which has a focus on deep learning and pides scalability and
cross-platform capabilities, such as execution on CPU, GPU, TPU, or even mbile devices.
The routines are designed forPython 3.7, and care was taken to ensure that the results are
reproducible by restricting random initialization and preventin g multi-threading. The latter
limits the computation power of devices signi cantly. But since the parameter number of
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the RNAA is small compared to, for example, image classi cation networks thatcome with
the installation of Keras!® and moderately deep, the RNAA is trainable on a personal
device in reasonable times. On an i7-6700K Intel-based desktop, the sedrfor an optimal
model in the univariate case was conducted in 15 minutes and the iniéil epoch, in which
the graph of the model is set up, took 7 seconds while each consecutitraining epoch took
less than 1 seconds. In the functional case, the Tuner took for the seen approximately 1
hour, and the initial epoch was computed in 13 seconds and each additionapech in 4
seconds. In the supply curve case, the epoch time of the traininghcreased to 8 seconds.
So, to summarize, the computation times are within a very appealing rage, mostly due
to the compactness of the RNAA, which is still scalable for better perfomance or more
complex cases, while more potent hardware or cloud solutions keep the esution times
short. The Decoder with attention mechanism was implemented so tht it could be used in
a TensorFlow 2.0 and easily added to other models. Moreover, this project provids classes
for data preparation, visualization, and analysis. Given the fast pace of chnge in Python,
the reproducibility and usability are limited to a similar envir onment to the one it was
developed in, which is easily created by package management tools such Asaconda The
RNAA uses the functional API of Keras for the multiple input functionality, and in the
terminology of TensorFlow, the Attention-Decoder GRU, the joint Python implementation
of GRU and attention mechanism, is a cell class developed in this prect. An RNN layer
loops through this cell for each step of a sequence.

3.8 Conclusion

This paper introduces the RNAA, a recurrent neural network with encoder-decoder archi-
tecture, an attention mechanism, and an imposed autoregressive inputaa structure. The
RNAA learns to match an input sequence to a target sequence and their whin-sequential
dependencies while autonomously deciding which part of the encoddnput sequence should
be paid attention to under teacher forcing.

The performance of the proposed model is evaluated on data from the Germamalancing
market. The RNAA improves in all benchmark cases the naive forecast apprach. In the
univariate case, where it is compared to an ARMA-GARCH model, it shows nore precise
predictions, and the introduced attention plot allows to gain insight into the relevance of
sequence parts. In the functional case, the RNAA exhibits a convingig better performance
which is extended to the supply curve case, where the observati@nare used without
truncation or smoothing. In the last case, it easily outperforms simpleNN approaches.
Moreover, it allows discovering the relevance of multivariate bicgs for the prediction quality,
and for the German balancing market, the middle and last segments of bidsippear to be
most relevant. To summarize, the RNAA is well suited for predicting supply curves.

The potential of the RNAA is not limited to this prediction task at hand bu t can extend
and improve existing models. Staying in the world of electricily prices, one could imagine

18See the overview of famous networks atLink or Online (2022d).
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building on the idea of Shah and Lisi (2020) and Ziel and Steinert (2018) by modéag
the sales and purchase curves separately by an RNAA and also adding a mapgirio the
actual electricity price, which should deliver promising resuts.

The model can also easily be augmented for the inclusion of external pdéctors. When
information for each step is available, it can be taken into account by induding it as an
additional column, as illustrated in the supply curve prediction section. Moreover, when
external variables impact the complete supply curve but are only obseved as a scalar
in each period, the extension of the RNAA is straightforward. An additional attention
mechanism can include, weight, and scale these covariates so that tHRNAA has not only
access to additional information but can also illustrate its relevance. As there is some
consensus in the EPF that the inclusion of external predictors leadgo better predictions,
more precise prediction can be expected by these augmentations, anti¢ presented results
for the German balancing market show only a fraction of the potential of theRNAA. Given
the wide range of application opportunities, this article hopefully cortributes a exible
and intuitively appealing approach for future research.
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Round-number E ects in Bargaining:
Bias vs. Focal Point °

It is a well-established fact that there is a variety of biases whenticomes to numbers. There
is ample evidence of left-digit bias (Busse et al., 2013; Englmaier et al2018; Lacetera
et al., 2012), the role of prominent numbers in decision processes (Coerse and Dennis,
2018), and the clustering of prices at round numbers in the real-estate mrket (Pope et al.,
2015; Repetto and Solis, 2019) and the energy market (Shah and Lisi, 2020; Ziel and
Steinert, 2016). There is a growing body of literature that recognizes e importance of
precise ($1.67) and round numbers ($2.0) in decision-making. In particularinitial o ers
play an important role as anchors in the bargaining literature (Janiszew&i and Uy, 2008;
Loschelder et al., 2014). Mason et al. (2013) report making precise o ers is a sighof being
more informed compared to someone making a round o er. Hukkanen and Kelohauj (2019)
even advise not to initiate a bargaining process with a round number.Yan and Pena-Marin
(2017) argue that round-number o ers signal completion and goal achievement and are
consequently linked to a higher acceptance propensity.

We study the role of round numbers in bargaining situations and whethertheir e ect
can be explained by preferences for round numbergqund-number biag or by their role as
a solution for a coordination problem (focal point). We hypothesize that faster decisions
and higher acceptance frequencies result from a round-number biagycal points, or both.
To investigate this, we provide rst empirical evidence of a negatve correlation between the
duration of a bargaining process and the usage of round price o ers. For thisnding, we
exploit the vast data set of Backus et al. (2020), which covers over 11 milbn observations
of eBay bargaining protocols with the so-calledBest O er option enabled. Our nding is
robust and highly signi cant but does not allow for a causal interpretati on of the role of
round numbers.

For this purpose, we design an online experiment that incorporates a dyamic bargaining
game. We record the decisions of participants to accept or reject a randono er that
might be round or non-round. Based on our rst treatment, we obtain a measure for

19This chapter is based on the joint work Lauf and Schlereth (2022).
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the preference for round numbers as we eliminate any dependency oihé decisions of
others for the participant. In the second treatment, we keep the in@ntive structure, but

additionally introduce a coordination problem where the e ect of the participant's decisions
now depends on the decisions of a second participant. Comparing the st and the second
treatment sheds further light on the e ect of round-number bias or the role of round
numbers as focal points in the spirit of Schelling (1960). In our framewdk, this means
that despite potentially having no round-number bias, participants might accept round
o0 ers because they believe their partners are more likely to acceptound o ers. We made

sure that there is no reason for the round-number bias to be di erentacross treatments,
other than their possible role as tools for coordination.

Our experiment con rms the nding from the eBay data set that round o ers facilitate
faster acceptance. In addition, we nd clear evidence of a round-numbr bias. Participants
are more likely to accept round o ers. Finally, we do nd evidence for round numbers
serving as focal points, but only under certain conditions. We nd signi cant increases in
acceptance frequencies of round numbers for female participants ued coordination for
less advantageous o ers. No such e ect can be seen for more advantageous o ershe
0 er's advantageousness is determined by its potential payo for the paticipant. For male
participants, the patterns look similar but are less pronounced and norsigni cant.

Our paper contributes to various strands of the literature related to negotiations, focal
points, the salience of roundness, and round-number bias. In generahegotiations are
instruments to nd solutions for disagreements in various elds, such as trade, politics, and
social life. We are interested in the potential role of round numbersin price negotiations.
Here, round numbers might serve as focal points to reach agreements astrioduced
by Thomas Schelling. He argues that focal points constitute a solution not ecessarily
depending on logic but frequently on prominence or conspicuousnesy¥vVhen numbers are
involved, outcomes show a strong tendency towards simplicity in he form of roundness
(Schelling, 1960).

The rst strand of literature investigates negotiations in an experimental setting.
Recent evidence supports Schelling's argument that payo -irrel&ant but conspicuous labels
for players' strategies, e.g., Option A or Option B, facilitate coordin ation in tacit
bargaining, that is, situations in which communication is not possible. Goordination games
can model such situations. For example, they may involve two playes choosing a strategy
from a common set and receiving a payo only when they chose the same sitegy (Mehta
et al., 1994b). The literature found saliently labeled strategies can sere as focal points in
one-shot coordination games (Bardsley et al., 2010; Crawford et al., 2008; Mehta al.,
1994a; Parravano and Poulsen, 2015). We embedded a form of a coordination game in our
second treatment as participants must accept the same o er. Our desigrdi ers through
its dynamic character and the fact that we place label and payo in the samedomain. The
number 10 might not only be the number that lies equidistant between9 and 11, but could

also serve as a salient label.
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Besides the salience of labels, other features and payo asymmetry nyain uence
coordination. For example, Isoni et al. (2013) introduce thebargaining table game and
study spatial salience. They nd that focal points increase e ciency in a tacit bargaining
game, even when these cues induce unequal payo divisions. Isoni at. (2019) nd that
salient labeling increases coordination success, but they also dament minor and major
disruptive e ects of payo inequality and con ict of interest. In ou r experimental design,
payo s are symmetrical for now, but our design would allow us to easily ncorporate
asymmetric payo s to study their impact on coordination further.

Empirical work has shown that the visual representation of numbers inuences the
outcome of economic decision-making. A prominent example is the literatre on the
left-digit bias. Lacetera et al. (2012) provide evidence for a left-digi bias of consumers
in the wholesale used-car market. They report threshold e ects at 10,000nile odometer
marks resulting in discrete price drops. Moreover, Busse et al.2013) analyze retail data
on used cars and arrive at the same conclusion. Finally, Englmaier et al. (2018lso
report price discontinuities at salient mileage thresholds for the Riropean market and
extend the analysis to the age of the car. One possible explanation of thesndings is an
overestimation of the distance to the next round mileage when cognitie constraints result
in only the leftmost digits being processed. For example, a car withi20,000km is perceived
as far less valuable than one with 19,999km. We add to this strand of the literatire by
studying visually salient round numbers and their e ect on decision-making in negotiations.

For this purpose, we conducted an empirical analysis of a recently puished data set
from a well-known platform - eBay. Besides auctions, eBay o ers a mtform for sequential
bargaining, which is named Best o er. Backus et al. (2020) collected a data %t of eBay
transactions and listings. Their study focuses on comparing their reults from the data
with theoretical predictions from the bargaining literature. In Back us et al. (2019), they
utilize the same data and nd evidence for cheap-talk signaling in theuse of round-number
listing prices and o ers. They document a trade-o . Round-number o ers are on average
lower but are more likely to sell. In our analysis, we focus on how roud numbers a ect
the duration of negotiations.

There does, however, also seem to be a perceptional di erence taeen round and
non-round numbers, even in the absence of stressful situations. Ehpsychological literature
has long recognized the relevance of how numbers are presented, iwwhether they are round
or prominent (Converse and Dennis, 2018). Rosch (1975) nds that such round numbers
serve as reference points in lab settings. Empirical ndings for marabon runners (Allen
et al., 2017), baseball, SATs, lab experiments (Pope and Simonsohn, 2011), andgventive
health behavior (Wadhwa and Zhang, 2019) support this. Converse and Densi (2018)
provide evidence for round-number e ects in nancial market data and experiments. In
ve studies simulating real-world scenarios, such as buying co ee oselling a textbook, Yan
and Pena-Marin (2017) discover that o ers' roundness increases the wilhgness to accept
in experimental bargaining in line with their hypothesis that round numbers symbolize
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completion. Lin et al. (2020) analyze 2,000 classroom experiments where thérgplest form
of bargaining, an ultimatum game, was conducted and nd clear spikes at o ers hat are
multiples of 10. Our approach provides another perspective, coverim cooperation and focal
points. We contribute a novel design focusing on the decision to a&pt an o er without
the in uence of scenario-based stimuli or communication between sujects.

A synthesis of the strands of literature on focal points and round numbes is the study
of Pope et al. (2015). They nd evidence in support of round numbers seruig as focal
points in high-stake real estate negotiations. Still, they raise the qestion of to which
extent a round-number bias or the role as a focal point is responsibleof the relevance of
round numbers in negotiations. Our paper addresses this question byrpviding a novel
experimental framework to make a clearer distinction.

The remainder is structured as follows. Section 4.1 discusses oumgirical analysis of
the eBay data set and the motivation for our experimental design, whichwe present in
Section 4.2. In Section 4.3, we present our experimental results. Sian 4.4 concludes.

4.1 Empirical evidence from eBay

It is a common phenomenon that in real-world negotiations such as buying a sed car or
when participating in auctions and garage sales, the nal prices surprimgly often tend

to be round. We were interested in whether this tendency is alsassociated with other
outcomes of the bargaining process, such as the acceptance frequescand the swiftness
of negotiations. We found such a relationship, for which we provide theempirical evidence
in the following. For this purpose, we use the data from Backus et al. (202Q)who made
available millions of records of single-unit xed-price listings from May 2012 to June 2013
on the US eBay site, where the Best O er option was enabled.

ooo@@mii’o‘

G I

all potential buyers Buyer Buyer . accept
« buy for initial price A - reject
+ make an offer offer .’ counteroffer -/ * counter
o O s O s Vit
m m m — omer __,  Sale
L - exchange
m m’ m inal price
Seller. ets initial/Buy-it- Seller. accept Seller
now price * reject

* counter

v

Time

/
Thread:from Buyers'initial offerto Sale

Figure 4.1. lllustration of the Best O er option on eBay.

The procedure on eBay illustrated in Fig. 4.1 is as follows. First, aseller sets an initial
price for the item to be sold, also called the Buy-It-Now price. Th en, all potential buyers
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can instantly buy the item for this price or if the Best O er option i s enabled, send the
seller an alternative price o er. Next, the seller can accept or rejetthis o er or make a
countero er giving the buyer the same possibilities. Both can make at nost three o ers,
and each is valid for 48 hours. Finally, the item is sold for the nal price if both parties
agree. Otherwise, the negotiations falil.

Backus et al. (2019) document that using round numbers is associated witlower prices
for the seller as argued in the literature (Hukkanen and Keloharju, 2019; Jarszewski and
Uy, 2008; Loschelder et al., 2014; Mason et al., 2013). However, Backus et al. (2019) argue
that past research has ignored an important trade-o : a round price may comeat the
bene t of a higher likelihood of a sale. They use their own extensie data set and show for
10.5 million listings that a round initial price, in the form of multipl es of $100, increases
the likelihood of a sale by 3%-points to 6%-points while a share of 20% of alistings is
sold on average?°

We focus on a di erent aspect by analyzing the role of round numbers whin successful
negotiations instead of the signaling e ect of initial prices. We nd th at the share of round
numbers increases from 15.4% of the initial prices to 41.2% of the nal pries. This might
be driven by a round-number bias but could also be due to round numbies being used as
focal points to accelerate a settlement within the bargaining procss. If round nal prices
are indeed associated with faster settlements, this will provig evidence for either or a
combination of both.

To this end, we use the two data sets provided by Backus et al. (2020). e rst data
set consists ofthreads, which are sequences of o ers for one buyer-seller pair bargaining
over one item as well as their responses, as shown in Fig. 4.1. Hence, oheelad consists
of multiple observations, but the last (most recent) observation coves the bargaining
outcome and the price for which the bargaining parties settled. The seond data set holds
information on the items within the threads of the rst data set, such as its condition
and the category it falls within. We developed an algorithm that processel and merged
both data sets. In particular, we collected the duration of each thread,its nal price, and
additional information on the sold item in a new data set. The duration is the time passed
between the rst and last observation within one thread, and we matchedit with details
on the corresponding item. Appendix B.1 provides more information aboti our algorithm.
In total, we collected 11.1 million threads, and Table 4.1 summarizes thelata.

For our empirical analysis of bargaining times, we introduce the folloving notation.
Let i be the identi er of a successful thread, where the seller sold ta item for the nal
price p;. The thread's duration is captured by t; and represents the time between the
buyer's initial o er and the last observation in the thread, which eit her is the automatic
or the manual acceptance of the seller or the manual acceptance of the buyefhe set of
round prices is denoted by , and | (p;) is an indicator function that is equal to 1 if the

2°The data set is restricted to Collectibles with an initial listing price between $50 and $550, where the
round numbers are z 2 f 100; 200; 300; 400; 500g; more details in section IV.B.3 of Backus et al. (2019).
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Table 4.1. Descriptive statistics of the eBay data.

Mean Median SD Min Max

Duration (min) 1,049.07 136.60 7,948.14 0.00 802,791.77
Periods 151 1.00 0.92 1.00 9.00
Final price ($) 81.11 29.00 142.98 0.99 1,100.00

Round numbers ( nal price) 0.41 0.00 0.49 0.00 1.00
Initial price ($) 118.84 39.99 3,307.96 0.99 6,000,000.00

Round numbers (initial price) 0.15 0.00 0.36 0.00 1.00
Number of photos 3.26 2.00 299 0.00 12.00
Seller's feedback score (%) 99.67 99.86 2.10 0.00 100.00
Observations 11,090,279

Note: The table summarizes the eBay data set of Backus et al. (2020) after applyig our algorithm.
The distribution of the items' conditions and categories can be found inTable B.1 and Table B.2.

nal price is round, and O otherwise. Each thread relates to one item, ad X; collects any
additional information on this item. We de ne round numbersas the 5-step intervals up to
50, followed by 10-step intervals up to 100 and extended by 50-step inteats up to 1000.
In particular, let the set of round prices be given by

= f5;10;15; :::; 45, 50; 60; 70; :::; 90; 100, 150 200, :::; 950, 1000y:

We estimate the model
ti= 1 (p)+c+t Xi+u; 4.1)

wherei denotes an observed successful thread,t; is the duration measured in minutes, p;
represents the observed nal price of the item,c is a constant, andX; collects the condition
of the item (11 categories, baseline is New, see Table B.1) and the meta cagory of the
item (38 categories, baseline is Collectible , see Table B.2). We only ge threads with nal
prices of up to $1100, covering 98.2% of the successful threads.

The resulting data set consists of 11.09 million threads with a succe$ul sale, where
the average initial listing price is $118.84, and only a share of 15.4% of the in@l prices is
round. So, sellers started roughly every seventh thread with a roungrice. The parties
settled on average at a nal price of $81.11, and intriguingly the share of round nmbers
increased to 41.2% of all nal prices. The average duration of a thread is 1,049 m4.5 s
(SD: 7,948 min 8.34 s), but the median is 136 min and 36 s.

Table 4.2 shows the results of OLS regressions both without controls and it controlling
for the item's condition and category. The e ect of round numbers, captured in Eq. (4.1)
by , is reported in the row Round numbers In all speci cations, we nd a signi cant
negative relationship between the duration of a thread and the dummy idicating that the
item was sold for a round price. In particular, on average, threads endig with a round
nal price were 53 min shorter than threads without a round nal price ( see our preferred
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speci cation in Column (2)). In the appendix, Table B.3 lists the re sults broken down for
all conditions and categories.

Table 4.2. Regression results. Round nal prices and the duration of successfidBay sales.

1) 2 3) (4)
Duration Duration Periods Periods
Round numbers -24.82 -53.02 -0.17 -0.19
(4.91) (5.21) (0.00054) (0.00064)
Constant 1059.31 1165.92 1.58 1.59
(3.02) (9.80) (0.00038) (0.0011)
Condition dummies - Yes - Yes
Category dummies - Yes - Yes
N 11,090,279 8,144,375 11,090,279 8,144,375

Note: The table reports OLS results for the two dependent variablesDuration and Periods.Duration
denotes the time between the rst observation and the last observationof a thread in minutes. Pe-
riods denotes the number of 0 ers made between seller and buyer. Thtable reports the coe cient
of the round number dummy as Round numbers There are 11 condition dummies for the item,
where the baseline is New. The meta category of the item has 38 categorieand is considered
with a corresponding number of dummies, where the baseline is Codictible. Missing observations
are due to incomplete recordings of condition or category. Robust standardreors in parentheses.
** p <0.01, ** p<0.05, * p<0.10.

We assess the robustness of our ndings by di erent checks. Firstwe use another
measure for duration and replace t; by the number of periods of the bargaining process,
i.e., how often each party made an o er. We observe an average number of peds of 1.48
in the data. We con rm our previous result because when the nal price is round, the
number of periods is reduced by 0.19 on average, controlling for the cagery and condition
of the item (Table 4.2, Column (4)). Moreover, we applied a placebo testby shifting each
element of by 1 ahead, i.e., +1. We nd that the e ect is insigni cant in the duration
case (' = 7:84(127), standard error in parenthesis) and the e ect on the number of
periods becomes very small ’( = 0:005(0:0016)), yet remains signi cant. We additionally
checked the in uence of available covariates in the data set, such amitial listing price,
number of item's photos, and the seller's feedback score in Eq. (4.1}vhich did not change
the results.

4.2 Experimental design and implementation

We illustrated the relevance of round numbers in a real-world bargainng setting, with the
intriguing nding that the share of round numbers increases for sucessful negotiations, and
that negotiations that end with a round-number price are shorter. With our experiment,
we want to answer the question if, and to what extent, the acceptance ofound numbers
is driven by individual behavioral biases or by round numbers seruig as focal points in
negotiations. An experiment trying to answer this question must posgss some essential
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characteristics. We summarize the desirable properties in the fédwing:

Properties of the experimental design:

1. One-player and two-player : The design needs to be suitable for a one-player setup
(where individual behavioral biases might kick in) and a two-player setup (where,
additionally, focal points may play a role).

2. One change at a time : The extension to the two-player case must be possible with
only one change at a time.

3. No communication : The channel of making o ers that could serve as signals needs
to be closed. Bargaining typically involves making o ers to others, receiving o ers, and
evaluating counter o ers by another (human) party. Strategic considerations might
induce round-number e ects already when making o ers. Allowing participants to
freely exchange o ers would make an analysis of acceptance decisions rathdi cult.

4. Abstract environment : Context-speci ¢ restrictions on the o ers need to be
eliminated since the bargain's item or the environment presentedn the study might
determine a particular set of reasonable o ers.

5. Oer size : Round o ers should not be more nancially attractive than non-round
o ers.

6. Upside of rejection : To avoid that subjects simply accept every o er, there must
be some value in rejecting a given o er (i.e., try to get a better o er than the current
one).

7. Downside of rejection : At the same time, rejecting a given o er must be costly,
so subjects cannot wait in nitely long (i.e., waiting incurs the r isk of ending up worse
than the current o er).

8. Same number of decisions : The design must allow eliciting the same number of
decisions from each participant for the homogenization of the lengths. Theeason
is that negotiations generally end when both parties agree or break down whethe
continuation seems unattractive, leading to an inherent variation in the negotiations'
lengths.

Hence, our experiment is necessarily somewhat abstract, but we argubat we have
found a way to incorporate the most relevant characteristics of bargainigy. Therefore, and
in favor of clarity, we limit the following section, 4.2.1, to an outline of the procedure and
postpone the detailed explanation of our design choices to the subsequtesection, 4.2.2.
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4.2.1 Experimental design

The basic idea of our design is as follows: We randomly present each pasipant an o er
from a pre-de ned o er set. Then, participants can either accept or reject that o er.
Accepting an o er might result in a payo corresponding to the o er's size.

We have two treatments, Single and Partner . In Single, each participant completes
10 periods. Each period consists of two step$review and Decision. For Period 1, Fig. 4.2
shows the two screens that visualize the two steps. In the rst $ep, Preview, participants
see the o er set of the current period from which they will get a randomly drawn o er;
see panel (a) of Fig. 4.2. Each o er is equally likely to be drawn within ore period. In
the second step, Decision, the participants receive an o er from theset displayed in the
previous step. Then, they decide whether to accept or reject it. Additionally, they can
see the o er set of the next period; see panel (b) of Fig. 4.2. After each griod, the three
largest o ers are removed from the o er set. The next gure, Fig. 4.3, illustrates how in
Period 2, the rst line, Line 1, is removed from the o er set. In Period 3, the next line,
Line 2, is removed €hrinking cake design). This design was explained to participants in
detail prior to the start of the experiment.

A participant's payo is the sum of the participation fee of $1.50 and a bonus For the
bonus calculation, one period is randomly selected after the participnts have completed
the study. We call the selected period and all subsequent pericglpayo -relevant. With
this, the bonus equals the rst accepted o er in a payo -relevant period multiplied by the
conversion rate, $0.001. We added a hint about the dependency on the select period
on the Decision page; see panel (b) of Fig. 4.2 just above the buttons. Athte end of the
study, participants can view their decisions and the selected peod.

In Partner, everything remains the same except for the bonus calcation. We match
each participant with another participant whom we call the participant’ s partner. Both
see the same sequence of o ers across the periods. As before, a randos#yected period
speci es the participant's and partner's payo -relevant periods. However, in Partner, the
bonus is the rst o er that both players individually accept multip lied by the conversion
rate. In other words, we introduce a coordination game in each period. flno oer in a
payo -relevant period is accepted by both players, they each recee a zero payo. The
hint on the Decision page is adjusted so that it additionally includes the dependency on
the partner's decision?!

In both treatments, participants made their decisions individually and privately. We
did not allow any communication. In Partner, participants have no infor mation about
their partner's identity or decisions. We made sure that participants understood the
shrinking cake design and the role of payo -relevant periods by a tratment-speci ¢ check-

21The hint can be found in Fig. 4.2 and was: Single: Remember: Whether you get the o er also depends
on the period the computer selects; Partner: Remember: Whether you get the o er also depends on the
period the computer selectsand the decision of your partner . (Italic and bold font is added here for
readability.)
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(&) Preview

Period 1 of 10: Preview

Your offer for Period 1 will be drawn from the box below. But only the numbers in blue are available.
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Get your offer

(b) Decision

Period 1 of 10: Decision

Your offer for Period 1 is:

93

o

Do you wish to accept the offer?

Remember: Whether you get the offer also depends on the
period the computer selects.

b m

Preview of the next period: Period 2

The next offer in Period 2 will be drawn from the
numbers in the blue boxes below.

Line 1
Linez 967 933
Line3 867 833

Line 4 767 733 700
wine 10 133 100
Period 2

Note: The top panel (a) is the step Preview which shows participants the o er set of the current period.
The bottom panel (b) displays the step Decision where participants can accept or reject the randomly
drawn o er in the black rectangle. The right side displays the preview of the nex t period. A red line marks
the removed numbers, and the gray background highlights the removal. The subsequent periods have the
same layout, except that additional lines are removed; see Appendices B.32 and B.3.3. Only three buttons

Figure 4.2. The two steps of Period 1.

(Get your oer, Yes, No) are clickable.
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(@) Period 1 (b) Period 2 (c) Period 3
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Figure 4.3. O er set for Period 1, Period 2 and Period 3.

Note: All o ers in blue boxes could be drawn with equal probability by the experime ntal software in the
respective period. The green box at the bottom displays the current period. T he removal of the numbered
lines is illustrated by the red line crossing out 3 numbers and is highlighted by the gray boxes.

up questionnaire before the actual study. In order to control for an equaldistribution of
the random o ers across treatments and participants, we formed groups of 4 articipants
who saw the same sequence of o ers and assigned 2 participants to eacleatment. We
achieved randomization by sorting people into groups by their time of arival.

4.2.2 Discussion of the required properties

The rst property is easily ful lled by our design as the participant s in Single might exhibit
a round-number bias, and Partner introduces coordination with a partner, where round
numbers might serve as focal points. The extension to the two-playecase is achieved by a
single change of the bonus calculation, whereby everything else renma the same. This
satis es property 2.

Our design focuses on the decision to accept or reject an o er. Therefe, it intentionally
does not allow communication between participants, such as freely makg oers or
exchanging messages. This way, we obtain property 3. On the one hand, thgesign
prevents participants from sending their partner a signal by usingnumbers to transmit
their intentions or hints about their future behavior. On the other hand, it enables a
cleaner comparison between Single and Partner because, in the formearetatment, there is
only a single participant to elicit the individual round-number bi as.

Although we acknowledge that it might be interesting and possibly relesant in obser-
vational data, we need to abstract from an open bargaining approach, includingcommu-
nication, to distinguish between round-number bias and round numbes as focal points
while keeping the di erences between both treatments minimal. Thus, we decided to make
0 ers exogenous. This might, of course, result in us underestimatinghe role of round
numbers as focal points as we omit their usage in the between-particgnts communication
and focus on the decision-making. Nevertheless, making the o ers exogeus comes with
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the additional bene t of having the identical o er sequences in Single and Partner.

All o ers in our experiment will be drawn from the set of numbers in Fig. 4.3. We chose
this set of numbers and its visual representation to have round and on-round numbers
blend in naturally with each other. Hence, we obtain property 4. In addition, the intervals
between the numbers are evenly spaced, and no number has decimahpés. Moreover,
contrary to other studies, we avoid any association of the o er set with geci ¢ situations,
such as buying used cars, investing in stocks, or selling a houssince it might a ect the
perception of round numbers. For each round o er, there are at least two figher non-round
o ers. In particular, the average round o er is always smaller than the average non-round
o er, so, e.g., in Period 1, the average round o er is 550, and the average noneund o er is
600. We will show in Section 4.3.1 that a large set of (standard) utility functions predicts
lower acceptance frequencies for round o ers (property 5).

Our bonus calculation allows us to obtain the remaining properties. Bie y summarizing
our calculation, a randomly selected period determines the payo -elevant periods, but
the participants only learn which periods are payo -relevant after having made all ten
decisions. So, if a participant simply accepts every o er, an undesable o er might be the
rst o er within the payo -relevant periods and become the bonus. He nce, rejecting an
0 er might be advantageous, and accepting all o ers is in general not the optiral strategy
(property 6). However, rejecting an o er might be costly because the &rinking cake design
causes the three highest o ers to be removed after each period, reding the chance of
getting a better o er than the current one. Thus, there is also a potential downside to
waiting for a better o er (property 7).

Since the period in which the decisions become payo -relevant vl be disclosed at
the end of the study only, the participants should not consider prevbus periods at any
decision. Should they have accepted an o er in a previous period thaturns out to have
been payo -relevant, further acceptances have no impact on the bons payment. So there
is no downside in accepting further o ers in future periods. However, as they can never be
certain if a previous acceptance will indeed have been payo -releant, the decision in the
current period could determine the bonus. The same is true, shodl they have rejected all
previous payo -relevant o ers. Again, the decision in the current period could determine
the bonus. Therefore, each decision is incentivized, regardless pfevious decisions. Hence,
participants should always behave as if the current period will beselected as the beginning
of payo -relevancy and only compare the current o er to possible future ones. The hint
towards the payo -relevancy on the Decision page reminded the partigpants of the bonus
calculation. Additionally, due to the post-study disclosure of the selected period, accepting
an o er does not lead to the end of the study. Sitill, all participants must complete all
ten periods, which yields the same number of observations from eachapticipant for each
treatment and o er sequence (property 8).
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4.2.3 Implementation

The experiment was programmed inoTree (Chen et al., 2016). The study was conducted
on Amazon Mechanical Turk (MTurk henceforth) in December 2020 using a sarple of
MTurk experienced US residents. In total, 924 participants (382 women)took part in the
experiment, earning $1.90 on average with an average completion time of apgximately
7 minutes. After the experiment, participants had to Il out a short post-experiment
questionnaire. Table 4.3 summarizes descriptive statistics of thsample?? The study was
preregistered at the AEA RCT Registry under the ID AEARCTR-0006823.

Table 4.3. Descriptive statistics of the sample.

Treatments

Total Single Partner p-value

(N=924)  (N=462)  (N=462)

Gender
Female 382 (41.3%) 198 (42.9%) 184 (39.8%) 0.350
Male 542 (58.7%) 264 (57.1%) 278 (60.2%)
Age (years)
Mean (SD) 37.9 (10.9) 38.0 (10.6) 37.7 (11.1) 0.540
Education
Less than a high school degree 4 (0.4%) 3 (0.6%) 1 (0.2%) 0.692
High School Diploma 76 (8.2%) 37 (8.0%) 39 (8.4%)
Vocational Training 7 (0.8%) 2 (0.4%) 5 (1.1%)
Some College 82 (8.9%) 36 (7.8%) 46 (10.0%)
Associate's degree 59 (6.4%) 29 (6.3%) 30 (6.5%)
Bachelor's degree 501 (54.2%) 262 (56.7%) 239 (51.7%)
Master's degree 177 (19.2%) 83 (18.0%) 94 (20.3%)
Professional degree 14 (1.5%) 8 (1.7%) 6 (1.3%)
Doctoral degree 4 (0.4%) 2 (0.4%) 2 (0.4%)

Note: The table summarizes the characteristics of the subject pool. Tk column Total shows the
number of observations for each category of gender, age and education. The colamSingle and
Partner report the distribution across treatments. The column p-value reports the p-value of
tests between the two treatment groups. In particular, for Gender ard Education, the 2 test was
applied, and for Age, the Wilcoxon-Mann Whitney test.

4.3 Experimental results

In our analysis of the eBay data set (see Section 4.1), we showed that rodnnal prices
are associated with faster decisions when the negotiations ended wittme sale of an item.

Considering this nding, we start the discussion of our experimengal results with a look at

2The announcement via which the participants were invited to the study can be fo und in Appendix B.3.1
and the instructions are summarized in Appendices B.3.2 and B.3.3.

65



Chapter 4

the time participants needed to make their decision within our experiment. To this end,
we de ne the decision time as the time needed to complete a period in seconds.

In a rst step, we consider all decisions, acceptances and rejectianalike, and Table 4.4
shows the average decision times for each treatment and the two o er fges. Comparing
the top and bottom row of the table shows that decisions were made quickefor round
o ers. When the observations are pooled across treatments, we nd signéantly quicker
decisions when a round o er was made (t-test: 9.07s vs. 10.18p;= 0:0004). The di erence
in decision times between the two o er types is 1.11s. When we controfor the treatments,
we nd that participants in Partner, who received a round o er, deci de signi cantly quicker
(t-test: 9.07s vs. 10.62sp = 0:0013) while the di erence in Single yields a p-value of 0.1006
(t-test: 9.08s vs. 9.73s).

Table 4.4. Decision times.

Treatment

Oertype Total Single Partner

Round 9.07 9.08 9.07
NonRound 10.18 9.73 10.62

Note: Average decision times are reported in
seconds.

In a next step, we consider acceptances and rejections separately. M¥n the observations
of acceptances are pooled across treatments, we nd signi cantly quickr acceptances when
a round o er was made (t-test: 9.81s vs. 11.05sp = 0:0054). In addition, the di erence
in decision times between o er types for acceptances is slightly lager (1.24s) than in the
previous case (1.11s). When we control for the treatments, we nd that paticipants in
Partner accept round o ers signi cantly quicker (t-test: 9.75s vs. 11.52s p = 0:0112) while
the di erence in Single (t-test: 9.88s vs. 10.55sp = 0:2123) is not signi cant. For the
rejections, we observe a similar picture with a di erence in deésion times of only 0.73s but
with shorter decision times in general. The corresponding tables andetails can be found
in Tables B.4 and B.5 in Appendix B.2.1.

Generally, there appears to be a di erence in decision-making whe round numbers
are involved. Round numbers seem to trigger faster decisions. Sinasur o er set for each
period is designed so that there are two larger non-round o ers for eachaund o er, and
the size of the o er is directly related to the potential payo , round o ers are on average
less favorable than non-round ones. Hence, the decision times of refems being smaller for
round o ers comes with no surprise, albeit the di erence is very snall and just signi cant.
Intriguingly, round o ers were also accepted quicker, leading to a nore sizeable decrease in
decision times between round and non-round o ers than the rejections We now turn to
the likelihood that an o er was accepted and the role of round o ers. For this purpose, we
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calculate the acceptance frequencyas the fraction of participants that accepted a given
o er. Alternatively, in more practical terms, this is the number of p articipants who clicked
on Yes in the Decision step in panel (b) of Fig. 4.2 relative to all parti cipants.

4.3.1 Acceptance frequencies

In a preliminary step, we show that within our experimental framework a large set of
(standard) utility functions (such as risk aversion, risk neutrality, or quantal response)
predict lower acceptance probabilities for round o ers and hence woud not be consistent
with an experimental nding of higher acceptance frequencies for roand o ers. We will
show that this holds before the start of the experiment by showing bhat it holds before any
period.

To this end, let the ten periods be denoted byt = 1;2;:::;10. As outlined in Sec-
tion 4.2.1, the top line of the o er set is removed after each period. Thts, the o er set
in period t is a matrix X = (Xjj); wherei 2f1;2;::;;mig, m¢ =11 tandj 2f1;2;3g.
By construction, for all i, we have @) X;:1 > X 2> X3, (b) X1 and x;.2 are non-round
numbers, and () X3 is a round number.

For some o er xjj from Xi, let p; (X ) denote the probability that X;; is accepted in
period t, given some utility function u(x;; ), where the outside option, i.e., the expected
utility of rejecting and waiting for some future period, is denoted by ;. From the
perspective of the beginning of period (i.e., before an o er has been randomly drawn),
the probability that, given a round o er is made, it will be accepted is given by
i i pt(Xi;s):

PR =
mt

(4.2)

Analogously, the probability that, given a non-round o er is made, it will b e accepted is
given by p
PNR — 4 (pe(xi1) + pe(Xi2)) .

t 2m; .
Proposition. The probability that round o ers are accepted is lower than the pobability

(4.3)

that non-round o ers are accepted (i.e., PR PNR) if p; (xij) is weakly increasing inxi; .

In particular, this is the case if the agent has standard risk-neutl preferences, standard
risk-averse preferences, or follows quantal-response behavior. In tlase of quantal-response
behavior, the above inequality holds strictly.

Proof. Substituting Eq. (4.2) and Eq. (4.3) in PR PNR vyields

Xt Xt
(Pe(Xi;1) + Pr(Xi;2)) : (4.4)
i=1

Mt
Pt(Xi;3) S
2y

1
2

Inequality (4.4) is satis ed if

Plxis) 5 PO+ Pux2) (45)

is satis ed for all i. The monotonicity of p; () and x;.1 > X .2 > X ;.3 imply that this is the
case. O
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Pt (Xij ) is weakly increasing inx;; if the decision-maker has a utility function u (x;; )
that is weakly increasing in xj;j (which is, for example, the case under risk neutrality
or risk aversion): a rational decision-maker would accept any o erx;; where u(x;;) is
weakly greater than the outside option . Thus, p (Xij ) = 1 whenever u (Xj; ) ¢, and
Pt (Xij ) = O otherwise.

For a decision-maker following quantal-response behavior, the probality to accept an

o er is given by
1

1+ e (v ulxg)) ; (4.6)

Pr (Xij ) =
again resulting in monotonicity of p; (xj ) in X;j;j . In this case, p; (xj; ) is strictly increasing
in Xij wheneveru(x;; ) is strictly increasing in Xj; .

Having thus shown that PR PR holds for every periodt, it also holds in general.

4.3.2 Round-number e ects

We now turn our attention to the experimental results as they relate to our research
question. We are interested in the presence of round-number e @s and possible di erences
between individual and cooperative decision-making.

Our analysis starts by estimating a simple linear probability model with the o er
acceptance as the dependent variableO er acceptance is a binary variable equal to 1 if
an o er was accepted or 0 otherwise. In a rst speci cation, we regress aceptance on a
dummy variable for the treatment and an indicator for round numbers. We also add the
interaction of these two variables to allow for di erences of round-number e ects between
treatments. The results of this regression are presented in Columi(l) of Table 4.5.

In light of our theoretical predictions, we would expect round numbers to have lower
acceptance frequencies, should there be no round-number bias. @olumn (1), we do
indeed nd a negative sign for the round-number dummy, but the e ect is not signi cant.
This insigni cance provides a rst hint at the presence of round-number e ects. We nd a
slight but signi cant increase in acceptance frequencies in Partne The interaction term
represents the additional e ect of round o ers in Partner. The negative sign implies that
participants are less likely to accept round o ers, but it is not signi cant.

For a more in-depth analysis, we control for the size of an oer. It seems gite
reasonable to assume that, ceteris paribus, higher o ers are more likglto be accepted. In
our experimental set-up, however, the size of an o er has to be evaluad in relation to the
current period. An o er of 233 might not be attractive in period t =1, but much more
attractive in period t = 8. We, therefore, need to control for the relative size of the o ers
in our analysis. Hence, we introduce theo er share.

The o er share is de ned ass; = - *t—; whereX; is the o er in period t and Xmax: iS

Xmax ;t
the largest possible o er in periodt. Thus, for a given period, the o er share measures the
relative size of a gi%en oer compared to the largest possible o er. Give our parameters,
it follows that s, 2 921 in the rst period.

Fig. 4.4 shows the acceptance frequencies for each observed o er shggray dots)
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Table 4.5. OLS Regression. Dependent variable: O er acceptance.

@) 2 ®3) 4)

Sample: Total Total Female Male
(Intercept) 0.620 *** (0.230 *** (0.225 *** (.235 ***
(0.012) (0.023) (0.035) (0.029)
O er Share 0.596 *** (0.580 *** (0.608 ***
(0.025) (0.038) (0.032)
Treatment: Partner 0.030 * 0.030 * 0.065 ** 0.006
(0.018) (0.018) (0.027) (0.024)
Round O er -0.021 0.045 *** (0.056 *** (0.036 **
(0.014) (0.014) (0.020) (0.018)
Treatment: Partner x Round O er -0.010 -0.010 -0.016 -0.005
(0.021) (0.020) (0.030) (0.026)
N 9240 9240 3820 5420
R2 0.001 0.099 0.098 0.100

Note: The o er acceptance is a binary variable equal to 1 if the participant accepted an o er
and 0 otherwise. Standard errors in parentheses are heteroskedasticrobust and clustered
on the individual level. The results in columns (1) and (2) are based on he total sample. The
results in columns (3) and (4) are based on the female and male sub-samplesspectively. ***
p < 0.01;* p< 0.05 *p< 0.1.

and the evaluated t (curve) of a Nadaraya Watson kernel estimation where we pool the
observations from both treatments. Not surprisingly, the curve illustrates that higher o er

shares are more likely to be accepted. This allows us to investigatedw round o ers a ect

acceptance frequencies in more detail.

Consider Column (2) of Table 4.5. We add theo er share to our linear probability
model. Unsurprisingly it is signi cant and drastically increases R2. The coe cient on the
round-number dummy now turns positive and is signi cant at the 1%-level. The other
coe cients remain qualitatively and quantitatively unchanged. Thu s, on average, ceteris
paribus, round o ers were about 45%p more likely to be accepted.

By separating the data by our two treatments, we can observe di erenes in how these
round-number e ects in uence acceptance decisions. We split tle data into four distinct
categories: by treatment (Single, Partner) and by o er type (Round, NonRound). For
each category, we estimate a Nadaraya Watson kernel regression. Fig. 4.5 vializes these
estimates for each treatment (Single: gray, Partner: black) for round o ers (solid line) and
non-round o ers (dashed line).

We observe an intriguing pattern. To illustrate the pattern more clearly, we present
separate gures for each treatment. The left frame of Fig. 4.5 shows the iBgle treatment.
For smaller o er shares, we observe no di erences between round andam-round numbers.
For higher o er shares, the solid line representing round numbersies above the dashed
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Figure 4.4. Acceptance frequencies for the pooled sample.

Note: The curve is based on a Nadaraya Watson kernel estimator using a normal kernel with a bandwidth
of 0.4. The gray dots represent the frequency of acceptance for a given o er shae.

line representing non-round numbers. This implies that for highe o ers, round numbers

are more likely to be accepted by our subjects. Conversely, this d&s not seem to be the
case for relatively low o ers. In the right frame of Fig. 4.5, in Partner, t he pattern is

reversed. The solid line lies above the dashed line only for smallar er shares, while no

major di erences can be seen for larger o er shares. Thus, if anythingthere is a higher
frequency of accepting lower round numbers. Nevertheless, in bbttreatments, the solid

line (which represents round o ers) is above the dashed line, with indicates that round

o ers are more likely to be accepted in general. We will refer to the derences between
the acceptance frequencies for round and non-round numbers asund-number e ect for

now, as we will later disentangle whether this e ect is driven by hias or coordination.

Over the last decades, studies in behavioral economics have shownat women and men
exhibit di erent behavior in several economic domains. For example,it is often found that
men are less risk averse than women, less charitable, and more comiie (see e.g., Croson
and Gneezy, 2009; Niederle, 2016). It might be possible that there are also dégrences
between men and women when it comes to bargaining and round-number eats.

There are more men than women in our sample (58.7% vs. 41.3%), but we do not nd
that one sub-sample received higher o ers or more round o ers or that men ad women
were unequally distributed into treatments..23

Consider now Columns (3) and (4) in Table 4.5. For both sub-samples, therés a
positive round-number e ect. The e ect is stronger for the female sub-sample at 56%p

ZThe Mann-Whitney test on the o er size between the two sub-samples yields a p-value of 0.1832
and a p-value of 0.2728 for the same test on o er share. The treatments are independently distributed
across gender sub-samples (2, p = 0:3497). The number of round o ers is independent of the gender ( 2,
p=0:7796).
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Figure 4.5. Acceptance frequencies for the treatment and o er type sub-sampls.

Note: The curves are based on a Nadaraya Watson kernel estimator using a normal kernel with a bandwidth
of 0.4. The gray dots represent the frequencies to accept for a given o er share The gray lines represent
the Single treatment in the left frame, and the black lines correspond to the Part ner treatment in the right
frame. The o er types are illustrated with solid lines for round o ers and das hed ones for non-round o ers.

with signi cance at the 1%-level. For the male sub-sample, the coe cient is 3:6%p, and
is signi cant at the 5%-level. Women also react di erently to the tre atment than men,
showing an increase in acceptance frequencies in Partner ofS8tp at the 5%-level. The
interaction term is insigni cant in both sub-samples.

In a next step, we repeat the exercise from before to analyze the ea of non-round
and round o ers in both treatments by splitting each gender sub-sampk into four distinct
categories and estimating a curve for each of these. A visual analysis corms that there
are indeed behavioral di erences between men and women.

The curves in Fig. 4.6 visualize for each category the acceptance frequees, where
the left panel presents the female sub-sample and the right one the ate sub-sample.
Di erences with respect to gender are clearly visible here. For he female sub-sample the
pattern we observed in Fig. 4.5 for the pooled sample is even more pronouad. Again, the
solid line in Single lies above the dashed line for higher o er sharesyhile in Partner, it
lies above the dashed line only for lower o er shares. In general, for th female sub-sample,
round o ers are more likely to be accepted than non-round o ers, as indiated by the fact
that the solid line is almost always above the dashed line in each treat@nt. In the male
sub-sample, the curves are very close to each other and almost overlaipg. If anything,
there is a tendency for the solid line to be above the dashed linemplying that round
o ers are more likely to be accepted. Analogous to the analysis without contolling for
gender, men and women are more likely to accept round o ers than non-rouna ers in
both treatments. However, the intriguing patterns of the round-number e ects in Fig. 4.5
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appear to be mainly driven by the female sub-sample. Therefore, weotus on the female
sub-sample for further analysis.

Female Male

100.0% 4

75.0%4 Treatment
Single
= — Partner
()
S 50.0%A
<
T Offer Type
— Round
25.0% 4 === NonRound

0.0% -

0.25 0.50 0.75 1.00 0.25 0.50 075 1.00
Offer Share

Figure 4.6. Acceptance frequencies for the treatments and o er types by gender

Note: The curves are based on a Nadaraya Watson kernel estimator using a normal kernel with a bandwidth
of 0.4. The gray dots represent the frequencies to accept. The gray lines represehthe Single treatment,
and the black lines correspond to the Partner treatment. The o er types are i llustrated with solid lines for
round o ers and dashed ones for non-round o ers.

4.3.3 Round-number e ects in the female sample
We summarize our ndings in Result 1 and Result 2.

Result 1  In Single, we nd evidence ofround-number biasfor su ciently high o ers.
For lower o ers, this bias vanishes.

Result 2  Comparing Single and Partner, we nd evidence of round o ers serving adocal
points for su ciently low o ers. For higher o ers, the usage as focal point vanis hes.

We provide evidence for these results by referring to the four pnels in Fig. 4.7. As
shown before, the e ects di er for high or low o er shares. Hence, we @& ne four equally
spaced segments of o er shares (S.1, S.2, S.3, S.4). In Fig. 4.7 these segtaare marked
by vertical dotted lines (at 0.094, 0.320, 0.547, 0.773, 1). All curves are obtained by a
Nadaraya Watson kernel estimator using a normal kernel with a bandwidth of 0.4. The
gray dots represent the frequencies to accept for a given o er shareNote that o er share
does not start at zero but 100/1067, as 100 is the smallest possible o er in everygriod.
The gray lines represent the Single treatment, and the black linegorrespond to the Partner
treatment. The o er types are illustrated with solid lines for round o ers and dashed ones
for non-round o ers. At the bottom of Fig. 4.7, the results of ?-tests are reported with
*** n <0.01, ** p<0.05, * p<0.10. The test is based on the counts of accepted o ers in the
respective segments for the indicated category.
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We start by analyzing acceptance frequencies in Single. In this tratment, there is no
strategic interaction, and hence decisions reveal pure preferense The estimated curves
can be seen in panel (a) of Fig. 4.7. In S.1, the curve for non-round o ers islightly above
the curve for round o ers, but the di erence is rather small. A ?-test shows no signi cant
di erences between acceptances at round and non-round numbers in B(p = 0:285)2* In
S.2, there seems to be a switching point. Round-number acceptandacreases stronger
than non-round number acceptance. However, the di erence in this egment is also not
signi cant (2, p=0:620). The di erence becomes larger in S.3 and S.4. Round-number
acceptance is now clearly above non-round number acceptance and sigoant for these
segments (2, S.3: p = 0:059, S.4: p = 0:017). This is evidence for the presence of
round-number e ects in Single. As decisions in Single reveal pure neferences, only a
round-number biascan explain these di erences. Thus, we conclude that round-numbie
bias emerges for su ciently high o er sizes and grows stronger when theo er size increases
(Result 1 ). The regression analysis in Appendix B.2.3 con rms this result.

As for the interpretation of these results, we think this hints towards a heuristic decision
process where low o ers will be declined right away, notwithstarding whether they are
round or not. When o er share increases to a certain level, that makes a@ptance at least
a possibility, this is where the round-number bias comes into plg

In panel (b) of Fig. 4.7, we add the acceptance frequency for round numbsrin Partner
represented by the black solid line. The acceptance of round numberin Partner is clearly
higher in Single in S.1, and the di erence is signi cant ( 2, p=0:006). With increasing
o er share in the other segments, the dierence in the acceptance of gund numbers
between the treatments vanishes (2, S.2: p=0:290, S.3:p=0:732, S.4:p = 0:870). So,
when participants have to consider a partner in the Partner treatment, it results in higher
acceptance of round numbers for low o er shares.

We now turn our attention to panel (c) of Fig. 4.7. Here, we are able to analyzethe
treatment e ect for non-round numbers. We see that the black dashed ine is above the
gray dashed line over the entire range of o er shares. This implieshat the acceptance
frequency for non-round numbers increases when the subjects' pa also depends on the
other player's decision. In S.1, this di erence is not signi cant, with a p-value of p = 0:995,
as illustrated in the gure. With increasing o er share, the dier ences become signi cant
( 2,S.2:p=0:134, S.3:p=0:008, S.4:p=0:009). Hence, in Partner, acceptance is more
likely.

In panel (d) of Fig. 4.7, we add the solid black line indicating the accepance frequencies
in Partner at round numbers. There are two interesting observationsconcerning this line.
First, for high o er shares as in S.3 and S.4, there is no visible di eence between round

%The 2-tests are conducted for each o er share segment. The test hypothesis & at the bottom of each
segment. Bar graphs can also represent the frequencies, see Fig. B.1. Sincthese tests are conducted
segment-wise, the test only controls mildly for o er share. The curves s erve as a graphical representation of
considering the whole range of o er share to compensate for this.
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and non-round numbers within Partner. Considering the round-number e ects in Single,
we would have expected the solid line to be above the dashed linegi, again a form of
round-number bias as in Result 1. No such bias is present for the Partretreatment in S.3
( %:p=0:354) and S.4 ( %;p=0:557). Second, for low o er shares, as in S.1, we now nd
that the black solid line lies above the black dashed line. This di erence is signi cant ( 2,
p = 0:083). Thus, there seem to be round-number e ects for low o er sharesn Partner
in segments where we would not expect round-number e ects, as nonease present in
the respective segments in Single. This can evidently not be expined by preferences for
round numbers because otherwise, we should have seen round-numbeeects in Single
in S.1. A possible explanation is that round numbers serve a coordinatie role that only
becomes relevant in Partner Result 2 ). It might be the case that, once o er share is
su ciently large, this need for coordination becomes less important, as acceptance becomes
more likely in general. For increasing o ers, we see the pattern premusly discussed. In
S.3 and especially S.4, there are hardly any di erences between ¢hsolid black line and
black dashed line. This, again, is a striking observation, as it indicaés no round-number
bias in Partner on segments where we observe a round-number bias inrgjle. A possible
interpretation is that subjects, when confronted with the need for coordination in Partner,
shift from heuristic decision-making towards a more thorough computaton of expected
gains, thereby eliminating the round-number bias. Assuming that sibjects operate in such
a mode of thorough computation when making decisions in real life, would Hus imply
that round-number clusters in observational bargaining data are, to a cosiderable extent,
driven by coordination.

To evaluate the robustness of our results, we estimate the linear pradbility models from
Columns (2)-(4) of Table 4.5 separately for each segment. For details, see fpndix B.2.3.
The results are qualitatively, quantitatively, and with respect t o their statistical signi cance,
in line with our graphical analysis and the non-parametric tests.

4.4 Conclusion

We studied the role of round numbers in bargaining settings. Analyzingobservational
data, we found that throughout the bargaining process, the share of round-nmber o ers
and countero ers increases. Also, negotiations with a nal price that was round were on
average shorter, as measured by both, total duration and the length of the o e-countero er
sequence.

By developing a novel experimental framework, we are able to analyzehe di erences
between round-number e ects in individual and cooperative setthgs. We nd robust evi-
dence for the presence of round-number e ects in the form of higher aeptance frequencies
in our experiment. The channels resulting in these increased aeptance frequencies for
round numbers di er between the individual and the cooperative sdting, especially for the
female sub-sample: Here, in the individual setting, we observe rouftnumber e ects only
for higher o er shares, while in the coordinative setting, we nd round-number e ects only
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for lower o er shares. While the rst observation can easily be explaned by individual
behavioral biases, the latter is apparently the result of coordinative considerations.

Thus, we con rm two possible channels that could induce round-numker e ects in
observational data: (a) individual behavioral biases and (b) round numbes as focal points
for coordination in the spirit of Schelling. The observation of round-number e ects changing
with the o er share points towards a context-dependency of round-nunber e ects. In our
experiment, the bias is the main driver for round-number e ects when o ers are large. For
smaller o ers, round-number e ects are mainly driven by the role of round numbers as
focal points.

Our ndings conform to a growing body of literature on round-number e ects in
observational and experimental data. In particular, with a view to the trade-o between
saving time and making a better deal, bargaining parties should carefily evaluate the
potential impact of the number format and its signaling e ect. Hence, using round numbers
might be more bene cial in some situations, and in some other scenarios,rpcise numbers
are more useful. Nevertheless, for future experimental researchwe advocate taking
the number format into consideration when designing studies, as itn uences subjects’
decision-making.
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On Gender Di erences in Competitiveness

Di erences in competitiveness have become an essential explanati for labor market
outcomes like variations in wages (Card et al., 2016), and di erent demands inwage
negotiations (Leibbrandt and List, 2015). Pinning down the causes and consegnces of
the willingness to compete is important as it correlates with severalrelevant choices and
characteristics for education and labor market outcomes (Shurchkov and Ekel, 2018). For
example, subjects who are more competitive have been found to be moitikely to choose
competitive educational programs (Almas et al., 2016a; Buser et al., 2014, 2021; Reuben
et al.,, 2017), to have a higher income (Buser et al., 2018a; Kamas and Preston, 2015;
Reuben et al., 2015) and to become entrepreneurs (Berge et al., 2015).

During the last decades, an impressive amount of scienti ¢ evidene showed that women
are generally less competitive than men (Almas et al., 2016b; Balafoutas and Ster, 2019;
Datta Gupta et al., 2013; Niederle, 2017; Niederle and Vesterlund, 2007; Saccardx al.,
2018; Sutter and Glatzle-Rutzler, 2015). Thisgender gap in competitivenesgGGC) is
robust when using di erent scienti c methods. Studies report that men are more likely to
compete when using classical lab (Niederle and Vesterlund, 2007), lalo-the- eld (Gneezy
et al., 2009), eld (Hogarth et al., 2012), and online experiments (Buser et al.,2021). The
ndings also replicate when using subjects from di erent age groups ike children (Sutter
and Glatzle-Rutzler, 2015), students (Niederle and Vesterlund, 2007), ad non-students
(Andersen et al., 2013).

This chapter serves as a gentle introduction to the literature on geder di erences in
competitiveness and aims to smooth the transition to Chapter 6. To this end, it presents
the preliminary results of an empirical analysis of experiments thathave addressed gender
di erences in competitiveness.

The following consists of a brief introduction of the approach in Secion 5.1. Section 5.2
presents the results. Section 5.3 concludes.

5.1 Methodology

The seminal paper Niederle and Vesterlund (2007) is the rst to expennentally study the
choices of women and men in a competitive setting. Their design (NV degn) consists
of 3 stages, where participants complete the same real-e ort task in eaclstage under
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di erent incentive schemes. Participants rst complete the task under piece-rate incentives
(Stage 1), i.e., being paid for each correct answer in task, and then undgournament

incentives (Stage 2), i.e., only being paid if the participant is the best within a group. In

Stage 3, the participants have to choose if their performance in thistage is paid based
on piece-rate incentives, like in Stage 1, or according to a tournament daome, like in

Stage 2. Whenever a participant decides on the tournament incentivegn Stage 3, s/he is
classi ed as competitive?® The participants get to know how many points they collected
but receive no feedback on others' performance or how they performedompared to the
other participants until the end of the experiment. For a detailed example of the NV
design, refer to Chapter 6 and the instructions in Appendix C.11.3.

In the course of the literature review for this chapter, studies wee collected that were
as similar as possible to the original NV design. The data set builds on thevork of Dariel
et al. (2017) and Klege et al. (20216

The data set was collected according to the following criteria. Releant search portals
were used to search for papers citing NV design. Furthermore, variouseview articles,
such as Niederle (2016), were used as a starting point for further searche The articles
already recorded were reviewed in detail. Finally, any cross-refemce found during the
implementation of the third project, which is presented in Chapter 6, was followed up.
Of course, it must be acknowledged at this point that the literature review is not fully
comprehensive, and various systematic approaches are still missing.

The data analysis approach is a rst attempt at a meta-analysis. For this purpose, the
following part is based on excellent introductory works (see Cuijrs, 2016; Higgins et al.,
2019; Schwarzer et al., 2015). The data set collects information on the country here the
experiment was conducted, on the task that was used, and the type of popation (students,
adults, children). Additionally, it summarizes the number of male and female participants
in the experiment and the number that opted for the tournament incentives. Moreover,
it holds details on the group size and whether participants knew the grop composition.
Besides that, information on the payment and duration are also included

In research on GGC in the NV design, generally, the main outcome variablesi a binary
variable with a value of 1 if a participant opted for the tournament incentives and O if
not. In meta-analyses, it is common practice to useodds ratios (OR) or risk ratios (RR)
to describe the e ect size when the outcome is dichotomous. As the at$ ratio is less
intuitive and often erroneously interpreted, following Higgins et al. (2019)s’ suggestion the
RR is used?’ To this end, the competition ratio (CR) is introduced. Let the probability to

B There is a strand of the literature that uses the change in performance as a measure ¢ competitiveness.

% The collected data are online availabe at Link or see Online (2022i).

2’RRs can easily be converted to ORs and vice versa. LetP. be the probability of the outcome of interest
i — — (1 P¢)RR . . . .
in the control group, then RR = % or OR = %. This nonlinear relationship between OR
and RR illustrates that both measures should not be mistaken for each other. The formula above might be

useful for the interpretation of logistic regressions (Zhang and Yu, 1998).
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compete for women be given by

ng:ompeting women

P|W = | nwomen 1 (51)
i
and for men by
n‘competing men
Pim = | nmen : (52)
i

Where nfomPeting women cojjects the women that opted for the tournament incentives in
Stage 3, andn}*°™°" is the number of all women in studyi. The same numbers are collected
for the men. Then, the competition ratio for study i is given by
P

(5.3)

For non-zero probabilities P;¥ and P;™, the ratio CR; ranges from 0 to in nity. The case
CR; > 1 represents that men are more likely to enter competition than womenand the
caseCR; < 1 represents the counterfactual.

The data of Niederle and Vesterlund (2007) can serve as an example. The sam-
ple size is 80. There aren"°™" = 40 women and n™" = 40 men. Of all the men,
ncompeting men = 259 gpted for the tournament incentives, that is P™ = 72:5%. Of all the
women, ncompeting women — 14 opted for the tournament incentives, that is P" = 35:0%.
Hence, the competition ratio is CR = 2:07, and men are more likely to choose the
tournament scheme.

Since a considerable between-study heterogeneity is anticipatedue to the di erences
in tasks, countries, and research questions, a random-e ects mode¥as used to pool e ect
sizes (Schwarzer et al., 2015, Ch. 3.4). Moreover, it cannot be assumed th#ie studies
are exact replications of the original design. In this case, it is convenbnal to use the
random-e ects model. This model allows for a distribution of true e ect sizes and does not
assume that there is only one true e ect size. The Knapp-Hartung adjusment (Knapp
and Hartung, 2003) is used to calculate the con dence interval around the poad e ect
for more adequate error rates (IntHout et al., 2014). The between-study hetrogeneity,

2, was estimated by the Mantel-Haenszel method (Mantel and Haenszel, 1959)ithiout
continuity corrections for risk ratios (Greenland and Robins, 1985).

5.2 Results

The collected studies are summarized by dorest plot.?® Fig. 5.1 presents 47 studies and
lists them by their subject pool (student, adult, or child), country, and the real-e ort task.

If one study reports di erent samples, each sample forms a row in thdorest plot. The
column Comp. displays the number of N who opt for the tournament payment scheme for
men and women. The vertical solid black line is a reference line thamarks the no-e ect
ratio of CR = 1. The x-axis uses a logarithmic scale. Column 95% CI shows the lower

2The list of references can be found in Table 5.2 at the end of this chapter.
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and upper limit of the 95% con dence interval. The column weight collects the shares
used for the pooling in the random-e ects model and is also illustragd in the column
Competition ratio by the gray square surrounding the point estimate the square scales
with the weight size. The short red horizontal lines show the predction intervals of the
subgroups. At the bottom, the diamond-shaped point denotes the average gighted e ect
size of the subgroup, and its width represents the con dence interal of the pooled e ect.

All CRs can be calculated since the column Comp. for men and women is never per
It already stands out at rst glance that most of the studies' CRs are located on the right
side of the reference line implicating that men compete more than woran in the NV design.

The random-e ects model estimates a pooled e ect size oCR = 1:51 (95%CI: [1.39;
1.63]). The pooled e ect is signi cant (t = 10:64, p < 0:001) and indicates that men are 1.5
times more likely to enter the tournament payment scheme than woma. The moderate to
large heterogeneity ( 2 = 33%; 46% 80%) asks for a more detailed look. The between-study
heterogeneity variance was estimated at*?> = 0:055 (95%CI: [0.0298; 0.1007]), with anl 2
value of 70% (95%CI: [60.6%; 76.4%]). The prediction interval folCR ranged from 0.94
to 2.42, indicating that the reversed competition ratio (CR < 1) cannot be ruled out for
future studies.

Harrer et al. (2019, Ch. 5.4.1) propose a simple approach to detect outliers: & study's
con dence interval does not overlap with the con dence interval of the pooled e ect, it is
considered an outlier. Following this approach yields a pooled e ectestimate of CR = 1:55
(95%ClI: [1.4597; 1.6514] ) and a substantial reduction of the heterogeneity variamg "2, to
0.014. Thel ? value is more than halved to 30.7% and the prediction interval forCR is
tighter ranging from 1.21 to 1.99. This indicates that men can be expectedd compete
more than women in future studies. In total, nine entries were remoed. The results of the
random-e ects model approach with and without outliers are summarizedin Table 5.1.
Moreover, it includes the results of two unsupervised machinedarning algorithms the
k-means algorithm (Hartigan and Wong, 1979) and the gaussian mixture models(GMM)
(Fraley and Raftery, 2002) which yield similar results.

5.3 Concluding remarks

This chapter served as a short introduction to the gender di erences literature. Furthermore,
it presented a newly compiled data set that summarizes various stugs on GGC. Based on
this data set, a rst meta-analysis was performed, and a competition raio of approximately
1.5 was estimated. Thus, it can be assumed that men tend to be more wifig to choose a
tournament payment scheme in this setting.

However, recently some evidence has been collected on the lack of a GGinder certain
circumstances. For example, for the matriarchy of Masai in Kenya, adult women are
reported to be even more competitive than men (Gneezy et al., 2009). Siitarly, children
living in the Khasi matrilineal society in northeast India are equally competitive (Andersen
et al., 2013). Without the need to go afar, it has been shown that the type of shool
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Study
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Table 5.1. Heterogeneity analysis of CR.

Pooled CR 95%ClI p 95%ClI 12
Main Analysis 151 [1.39, 1.63] <0.001 [0.94, 2.42] 69.5
Outlier removed® 1.55 [1.46, 1.65] <0.001 [1.21,1.99] 30.7
k-mean® 1.54 [1.45, 1.64] <0.001 [1.18,2.02] 39.3
GMM® 1.56 [1.46, 1.66] <0.001 [1.17,2.07] 41.4

Note: The table summarizes the pooled CR for three apporaches to re duce heterogeneity. The
rst row shows the analysis without any study removed.

a 9 studies removed: Dariel et al. (2017), Bonte et al. (2017), Booth et al. (2019), Gneezy et
al. (2009), Khachatryan et al. (2015): Addition, Word searc  h, Sutter, Glatzle-Rutzler (2015),
Cardenas et al. (2012), Samak (2013).

b 8 studies removed: Dariel et al. (2017), Healy, Pate (2011), Bonte et al. (2017), Gneezy et
al. (2009), Khachatryan et al. (2015): Addition, Word searc  h, Cardenas et al. (2012), Samak
(2013).

¢ 7 studies removed: Dariel etal. (2017), Bonte etal. (2017), Gneezy etal. (2009), Khachatryan
et al. (2015): Addition, Word search, Cardenas et al. (2012) , Samak (2013).

children attend in uences competitiveness with female studems from girl's schools being
as competitive as boys (Booth and Nolen, 2012). Moreover, for children fromamilies
with lower socioeconomic backgrounds, no GGC is reported (Almas et 8l2016b). Also,
cultural di erences play a role in competitiveness, as shown by @rdenas et al. (2015). They
found that children are equally competitive in Columbia, but boys in Sweden are more
competitive than girls. These mentioned studies suggest that womes' lower willingness to
compete is not something that they are born with, but rather a behavioral preference that
can be in uenced by di erent factors and can thus be addressed to nuture rather than
nature.

Support for this perspective is provided by research showing tat the GGC can be
closed or reversed when using interventions, which do not in uene participants' biological
makeup. For example, some studies change the institutional environnrég to resemble
di erent a rmative action policies and obtain gender balance in competit ive environments
(Balafoutas and Sutter, 2012; Baldiga and Co man, 2018; Leibbrandt et al., 2018; Niederle
and Vesterlund, 2007). Others use the easy-to-implement intervenbn of priming (Bal-
afoutas et al., 2018; Cadsby et al., 2013) which encourages women to enter compaiits
more often. Moreover, giving feedback about relative performance (Wozak et al., 2016)
and the earnings implications related to competition avoidance (Kesdeet al., 2021) suc-
cessfully increases women's entry rates, as well as when more exjesiced people advise
strong-performing women to compete (Brandts et al., 2015). Besides, wimethe price of the
competition bene ts not the participants themselves, but their o spring, again no GGC
has been observed (Cassar et al., 2016).

However, it is also plausible that biological factors like genes and hormorge may
lead to di erent decisions of women and men and are also a primary drivef behavior.
Thus, a new and still developing eld of research focuses on compeiveness from a more
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elementary perspective by taking hormones into account. Up to now, lere is only one
study by Ranehill et al. (2018), which causally analyses the e ect of estogen and progestin
(by administrating oral contraceptives) on competitiveness. The authors nd no impact

of the two hormones on the willingness to compete. All other studies us self-reported
hormonal measures by asking female participants about their menstrual ycle day and
taking hormonal contraceptives to infer their hormonal level. Using sdf-reports is noisy
(for a detailed discussion why this is the case, see Dreber and Johaesson (2018)) and
leads to mixed ndings whether hormones play a role for competitiveress or not (Buser
et al., 2018a; Wozniak et al., 2014).

The existing evidence already provides results on what factors coelate with competitive
behavior and how di erences in competitiveness between men and emen can be closed.
However, the following chapter will be the rst to test the robust ness of the GGC when
priming subjects with a speci ¢ gender identity.
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Table 5.2. References for the forest plot.

Population Reference Country Task Sample size
Student Apicella et al. (2017) USA Addition 100
Balafoutas et al. (2012) Austria Addition 132
Balafoutas et al. (2012) Austria Addition 72
Berlin and Dargnies (2016) France Addition 228
Bonte et al. (2017) Germany Quiz 186
Brandts et al. (2015) Spain Addition 112
Buser et al. (2017a) USA Addition 104
Buser et al. (2018b) Denmark Mix 297
Cadsby et al. (2013) Canada Addition 44
Carpenter et al. (2018) USA Addition 112
Cason et al. (2010) USA Addition 69
Dargnies (2012) France Addition 76
Dariel et al. (2017) UAE Addition 147
Datta Gupta et al. (2013) France Mazes 140
Halko and S&aksvuori (2017) Finland Addition 80
Healy and Pate (2011) USA Addition 64
Kamas and Preston (2012) USA Addition 310
Klinowski (2019) Chile Addition 79
Klinowski (2019) Chile Verbal 74
Miiller and Schwieren (2012) Germany Addition 127
Niederle and Vesterlund (2007) USA Addition 80
Niederle et al. (2013) USA Addition 84
Price (2012) USA Addition 310
Reuben et al. (2017) USA Addition 257
Shurchkov (2012) USA Verbal 108
Shurchkov (2012) USA Math puzzle 84
Wozniak et al. (2014) USA Addition 180
Wozniak et al. (2014) USA Verbal 165
Zhong et al. (2018) Singapore Addition 197
Adult Apicella et al. (2015) Tanzania Skipping rope 191
Apicella et al. (2015) Tanzania Bead collection 88
Apicella et al. (2015) Tanzania Handgrip strength 70
Apicella et al. (2017) Mturk Captcha-Style 245
Banerjee et al. (2018) India Memory task 168
Bonte et al. (2018) Germany Math 225
Booth et al. (2019) China Addition 334
Booth et al. (2019) Taiwan Addition 359
Buser et al. (2018a) Denmark Matrix task 192
Cassar et al. (2016) China Addition 358
Gneezy et al. (2009) India (matrilineal) Bucket toss 80
Gneezy et al. (2009) Tanzania (patriarchal) Bucket toss 74
Klege et al. (2021) Rwanda Addition 374
Mayr et al. (2012) USA Math 543
Child Almas et al. (2016b) Norway Addition 483
Andersen et al. (2013) India (matrilineal) Bucket toss 172
Andersen et al. (2013) India (patriarchal) Bucket toss 146
Buser et al. (2014) Netherlands Addition 362
Buser et al. (2017b) Switzerland Addition 249
Céardenas et al. (2012) Colombia Math search 315
Cardenas et al. (2012) Colombia Word search 316
Céardenas et al. (2012) Sweden Math search 304
Céardenas et al. (2012) Sweden Word search 305
Dreber et al. (2014) Sweden Addition 215
Dreber et al. (2014) Sweden Word search 214
Khachatryan et al. (2015) Armenia Addition 765
Khachatryan et al. (2015) Armenia Word search 765
Lee et al. (2014) South Korea Addition 640
Samak (2013) USA Fishing task 123
Sutter and Gléatzle-Riitzler (2015) Austria Addition 717
Sutter et al. (2016) Austria Addition 246
Zhang (2019) China (Han) Addition 96
Zhang (2019) China (Yi) Addition 96
Zhang (2019) China (Mosuo) Addition 80
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Decisions have no Gender.
Gender and Economic Decision-making
revisited 2°

Worldwide, humans make economic decisions every day: Should | applhoif a new job
opportunity in a highly competitive environment? Should | invest i n a risky asset or not?
How much money should | donate to charities? A vast literature tries to determine the
factors that a ect decisions in domains such as competitiveness (Villeal, 2012), risk taking
(Thoni and Volk, 2021), and altruism (Bilén et al., 2021). Researchers have loked, amongst
others, into the role of institutional or marketrelated features (Balafoutas et al., 2018;
Balafoutas and Sutter, 2012; Cassar and Rigdon, 2021; Cassar et al., 2016; Fornwagner et
al., 2022b; He et al., 2021; Niederle and Vesterlund, 2007), cultural background (Céenas
et al., 2015; Croson and Gneezy, 2009; Gneezy et al., 2009; Gong and Yang, 2012; Liu and
Zuo, 2019), individual characteristics (Almas et al., 2016b; Buser et al., 2018a; Gso and
Paiella, 2008; Sutter and Glatzle-Rutzler, 2015; Von Gaudecker et al., 2011), horonal
(Boksem et al., 2013; Ranehill et al., 2018; Sapienza et al., 2009; Van Anders et al., 2015;
Zak et al., 2009; Zethraeus et al., 2009), or other biological factors, such as genetjcand
neurological factors (Anderson et al., 2015; Cesarini et al., 2012; Moll et al., 2006; Réar
et al., 2011). Among those factors, gender has received a lot of attention. Ovedhe last
few decades, the ourishing research in economics has come to the cdmsion that gender
is a signi cant driver of how women and men behave: gender di erence in behavior are
a common nding for competitiveness (Beblo and Markowsky, 2022), risk taking (Thoni
and Volk, 2021), and altruism (Bilén et al., 2021). We refer to Appendix C.10 fora more
detailed literature review on risk and altruism.

But do observed data really show gender di erences? Is it insteadex di erences that
in uence behavior, or is it a mix of gender and sex? Importantly, sex am gender are two
distinct concepts. Whereas sex is de ned as either of the two main ategories (male and
female) into which humans are categorized based on their reproductie functions®®, gender

2 This chapter is based on the joint work Fornwagner et al. (2022a).
%0geeLink or Online (2022c).
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usually refers to the psychological, behavioral, social, and culturabspects of being male or
female (i.e., masculinity or femininity) (VandenBos, 2007). For cisgemer individuals, their
internal gender identity matches and presents itself by the extenally determined cultural
expectations of the behavior and roles considered appropriate for one'es (VandenBos,
2007). However, the gender identity of transmen and transwomen and their geder roles
are not the same as what is typically associated with their sex assigned diirth (American
Psychological Association, 2015). So the question arises: how much of the eliences of
men and women often found in the economic literature can really be assaatied with gender
as opposed to an individual's sex?

We investigate this question by using well known behavioral economg experiments
in the domain of competitiveness risky choices and altruism. As stated, for these three
behavioral traits, gender di erences are a common nding. However, trese di erences
have usually been observed using cismen and ciswomen as subjeatsich di er in their
genderand sex. Distinguishing gender from sex e ects is practically imposdile when
only investigating cisgender participants. As a novel approach, we rurour experimental
study with transmen and transwomen in addition to cismen and ciswomen The advantage
is that cisgender and transgender people dier in either their sex ortheir gender. To
illustrate this consider an example: a ciswoman has female seand feminine gender. A
transman has female sexbut masculine gender. So di erences in the behavior of those two
subject groups might be associated with gender instead of sex. The pgrimental method is
excellent for studying the economic choices we are interested indzause of its standardized
and validated measures. We have information on the participants’ gendeand sex from
self reported categories and established scaling methods from psyological and medical
science. Moreover, instead of just analyzing gender and sex e ectorrelationally, we
elicit the causal impact of gender by exogenously varying gender iderties with a priming
method.

First, we test how gender correlates with the mentioned choices. B contrasting
the behavior of the four di erent subject groups of cismen, ciswomen transmen, and
transwomen, we obtain insights into how far biology (sex) or the cultural and sociological
construct of gender explains di erences in economic behavior. Ourtady is the rst
investigating competitiveness, risk taking, and altruism of transmen and transwomen.
We hypothesize that if gender is the driving factor, individuals of the same gender (and
di erent sex) make similar decisions, and decisions signi cantly d er when gender di ers
(and sex is the same). Second, we concentrate on the causal e ect of gemdmn behavior

an analysis that is rarely done in the literature. The traditional expe rimental method
of randomizing over the variable of interest is not possible with gende Hence, we need
a di erent approach to elicit causal e ects. As our method to test a directional impact
of gender, we employ a gender prime: either a masculine or feminingender identity is
subconsciously activated. Priming is a very powerful, easy to implement intervention
to activate gender identities (Rudman and Phelan, 2010; Steele and Ambady2006). If
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cisgender and transgender individuals change their behavior when lirgg primed, it indicates
a causal e ect of gender on individual economic decisions.

Based on 780 observations from experiments conducted online, our resslgenerally
show no correlational or causal e ect of gender or sex for competitivenessisk-taking,
and altruism. The only exceptions are that cismen have a higher rate of mtering the
competition than all other subject groups when primed masculine. Begles, we nd that
subjects of male sex (i.e., cismen and transwomen) risk more than tefemale counterparts
(ciswomen and transmen). Moreover, cismen risk more when primed ith a masculine
identity compared to the neutral priming condition. Thus, in general, we conclude that
gender is not a consistent main factor in uencing the economic decisins measured in this
article.

The remainder is structured as follows. Section 6.1 presents the athodological
framework. In Section 6.2, we present our results. Section 6.3 concled.

6.1 Methods

To test our research questions, we set up an online economic experimte We conduct our
study (tasks and questionnaires) with oTree (Chen et al., 2016) on Proli c (see Online,
2022j). Each participant completes six parts and several questionnaires.One part is
randomly selected for payment at the end of the experiment. In Part 1,a participant is
randomly assigned to either the baseline treatment (NEUTRAL) or a treatment condition
that refers to one of the gender priming interventions: FEMININE (pr imes a feminine
gender identity) or MASCULINE (primes a masculine gender identity). Participants are
primed by a word search task where di erent words are used dependopon the underlying
treatment (Bargh et al., 2001). The words in FEMININE are: female, woman, she,women,
her, qgirl, hers, lady; in MASCULINE, they are: male, man, he, men, him, boy, his,
gentleman. In the baseline condition NEUTRAL, participants also solve theword search
task, with the following (neutral) words: person, it, people, its, child, theirs, individual,
neuter. Participants are shown the words and have two minutes to mak these words in a
10 10 grid. In case they nd all words, they receive ¢5.

After the word search task, each participant enters the next parts of the experiments,
which are the respective economic decision making parts. As our rst cecision dimension,
we employ monetary incentives to measure competitiveness (Buseet al., 2021). We
measure performance in a real e ort math task, where the participants ae instructed
to solve puzzles by nding two two digit numbers that add up to 100 in 3 3 matrices
for two minutes. In Part 2, they complete the math task under piece rate incentives,
which means they receive ¢0.50 for every solved puzzle. In Part 3, theasne math task
is performed under tournament incentives. The patrticipants are dvided into groups of
four and receive ¢2 for every solved puzzle, but only if they solve morguzzles than every
other group member. In Part 4, the participants have to choose, before prforming, if their
performance in this part will be paid based on the piece rate incenties (like Part 2) or
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according to the tournament rules (like Part 3). Whenever a participant decides on the
tournament incentives in Part 4, s/he is classi ed as competitive and @mpetes against the
group member's performance in the previous Part 3. In all parts, the partcipants do not
receive feedback on how well they perform compared to the other group embers until

the end of the experiment and have no information on the other group membrs' identity

or characteristics. Additionally, we measure the participants' con dence in Part 2 (how
well they think they performed compared to the other participants in the session) and
Part 3 (how well they think they performed compared to the other group members) with

incentivized questions.

Our second decision dimension is the willingness to take risks iRart 5. It is measured
using a simple lottery task (Gneezy and Potters, 1997). Participants reeive ¢4 and can
invest into a lottery with a 50% chance of success. The invested amotiris multiplied by
2.5 in case of success. In case of no success, the invested amount it [dke participants
keep the amount not invested. Risk preferences are measured as the aont a participant
invests, where higher investments indicate a higher willingnes to take risks. The third
decision dimension is altruism in Part 6. We investigate participants altruistic preferences
with a dictator game (Kahneman et al., 1986). Participants receive ¢5 and splt up this
amount between themselves and up to ve di erent charities. Altru ism is quanti ed as the
sum donated by a participant.

The post experimental questionnaire contains (1) a 30 items version of the Bem Sex
Role Inventory (BEM) that explores a person's masculine and feminire self identi cation
on a continuous scale (Geldenhuys and Bosch, 2020); (2) the Transgender Congnce
Scale (TCS) (Kozee et al., 2012) which evaluates if someone identi es asansgender; (3)
demographic questions, as well as questions on the biological sex, gendsexual orientation,
and whether one self identi es as transgender; and (4) the Steps to Tansition (STT)
questionnaire that describe typical steps transgender people undtake in their transition
(Kozee et al., 2012). In addition, we include debrie ng questions to cleck if the participants
are aware of the study topic and the priming intervention (Chartrand and Bargh, 1996).

Appendix C.11.3 provides a detailed description of all instructionsand questionnaires
of our experiment.

6.2 Results

In order to summarize the extensive analysis, we use the followingbbreviations for our
results: Chisquared test ( 2), Kruskal Wallis test (KW), Kendall's rank correlation
coe cients test (KTAU), two sided Mann Whitney U test (MWU), Robus  t Wald test (W),
and standard deviation (SD). The signi cance levels are de ned as follws: p < 0:05 (%),
p < 0:01 (**), and p < 0:001 (***), where a signi cant result must have at least p < 0:05.
We summarize multiple p values by p’%.
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6.2.1 Descriptives

We collected a total of n = 780 observations, out of which 425 are cisgender (214 cismen and
211 ciswomen) and 355 transgender (215 transmen and 140 transwomen; see Appendill
and Appendix C.11.1 for more details). As summarized in Table C.1, the paricipants are
on average 24.4 years old (SD = 6.60), have an average height in centimeters of 178D

= 10.8), and approximately half of them are students (47.2%). Around one third holds

a university degree, 69.4% have an income lower than ¢20,000, and 25.8% report bei
religious. Our sample consists mostly of participants from the United $ates, followed by
Continental Europe and the United Kingdom. Less than 10% are not residents othe three
mentioned regions.

Responses to the BEM classify 28.5% as feminine, 19.4% as masculine, 24.1% as
androgynous, and 28.1% as undi erentiated. On the TCS scale ranging from 1 tdb,
participants show an average score of 3.67 (SD = 1.1). The average score on th@§
which ranges from 0 to 16, is 4.35 (SD = 4.6). The various subject groups are conapable in
several characteristics as indicated by the statistical tests addedn Table C.1. Descriptive
statistics broken down by subject groups are presented in Tables @.and C.3 (cisgender)
as well as Tables C.4 and C.5 (transgender).

For the outcomes of Part 1, the detailed Appendix C.2 summarizes desgotives on the
participants' priming. On average, the participants marked 7.45 out of 8 words (S.D. =
1.53), and 83.97% (i.e.n = 655) marked all words from the list within the given time of
two minutes.

6.2.2 Competitiveness

Fig. 6.1 and Table C.14 summarize the tournament entry rates in Part 4. In oder to
investigate whether gender and competitiveness are correlated, wed¢us on the baseline
treatment NEUTRAL. No signi cant variation is reported across the four subje ct groups
( 2, p=0:939). Similar, when pooling the results by gender (Fig. C.2; cismen + tansmen
vs. ciswomen + transwomen), tournament entry rates do not di er for feminine and
masculine subjects (2, p = 0:601) and also no di erence is found for male and female
subjects when pooling the data by sex (Fig. C.3; cismen + transwomermws. ciswomen +
transmen; 2, p = 0:867). We compare the di erences between the priming conditions
(FEMININE and MASCULINE) and the baseline treatment (NEUTRAL) for the causal
analysis. Priming does not in uence competition entry rates for any sibject group ( 2,
p% > 0:073). The result is marginally signi cant only for cismen when comparing the
MASCULINE treatment to the NEUTRAL treatment (2, p = 0:073). We shall see in
the regression analysis that when adding further controls, the impactof MASCULINE
priming on cismen becomes signi cant. Looking at the MASCULINE priming condition
only, where the entry rates look very similar for all subject groups exept for cismen, the
competition entry rate is around 20 percentage points higher for cismerthan for all other
subject groups ( 2, p = 0:046).
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Figure 6.1. Tournament entry rates in Part 4 by treatment and subject group (n = 780).

Note: The bars show the percentage of participants (between 0 and 100) who choseto compete rather than
to perform under piece rate incentives. The error bars represent the standard errors of the means.

In Table C.15, we run Probit regressions for the baseline treatment (NEUTRAL) to
disentangle the e ects of gender and sex. As our basic regression framewomwe have in
column (1) just the subject groups and in (2) additionally control for the p erformance
measures in the real e ort task. In column (3), we further control for con dence and the
willingness to take risks. In column (4), we add the variables age, heighstudent status,
income, religion, and residence, whereas in (5), we control for the outanes in the TCS and
STT. Using joint coe cient tests (see Table C.15), we nd neither ge nder (W, p% > 0:437)
nor sex (W, p% > 0:214) to have a signi cant e ect on competitiveness. We thus conclude
that there is no correlation between either gender or sex and compeiiveness in our study.

To analyze a potential causal e ect of gender, we run Probit regressionsni Table C.16.
The non parametrized analyses are con rmed for ciswomen, transmen, andranswomen.
For cismen we nd that the gender prime with MASCULINE has a signi cant im pact
increasing the competition entry rates in speci cation (2) (p = 0:034; controlling for
performance) and (4) (p = 0:021; controlling for beliefs, risk attitude, and other person
speci ¢ covariates). Summing up, only cismen's competition enty rates seem to be
in uenced (positively) when priming them with their own gende r identity. We do not nd a
signi cant impact of gender priming for all other subject groups and priming combinations.
We will interpret those results in the Discussion.

Our experimental design does not only allow us to look into the choiceo enter a
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tournament but also into participants' con dence (i.e., how well t hey believe they performed
in the real e ort task when competing, see Table C.11). In NEUTRAL, there is no evidence
that subjects of masculine gender have higher performance beliefaan subjects of feminine
gender (MWU, p =0:362). However, we do nd di erences between subjects of female and
male sex (MWU, p=0:001). For priming, no subject group increases or decreases their
beliefs when being primed (MWU, p% > 0:177). Regressions in Table C.12 con rm that
beliefs depend on the participants' sex: male subjects generallydve higher con dence in
their performance than female subjects (W,p% < 0:001). And again, con dence does not
di er across gender (W, p% > 0:259). That gender does not play a role in this setting is
further con rmed when looking at the causal impact of gender priming onthe participants'
con dence. For none of the subject groups, we do nd any e ect of gender piming on the
beliefs when using regression analyses (see Table C.13, s > 0:178)3!

6.2.3 Risk

Investment rates in the lottery are depicted in Fig. 6.2 and stated in Table C.19. When
applying non parametric tests, we do not nd any di erences between the various sub-
ject groups within the baseline treatment NEUTRAL (KW, p = 0:194). If anything,
transwomen seem to be more risk prone than transmen in a pairwise compason (MWU,
p = 0:048). This, however, does not point towards a systematic impact of gendeand/or
sex when pooling data (Fig. C.4 and Fig. C.5; gender. cismen + transmews. ciswomen +
transwomen, sex: cismen + transwomen vs. ciswomen + transmen; MWUp% > 0:130).
Turning to the causal impact of priming, again, we see MASCULINE priming increases
the risk attitude for cismen only (MWU, p = 0:038) bringing the level of cismen to the one
of transwomen in the MASCULINE priming (MWU, p=0:876). For every other subject
group, we do not nd any signi cant impact of gender priming (MWU, p > 0:206).

Joint coe cient tests for the regressions (with and without control variables) in Ta-
ble C.20 show the correlational results for our baseline condition. We nd no di erences in
risk taking of subjects of feminine and masculine gender (W,p% > 0:132). However, we
nd a sex e ect: male subjects risk more than female subjects (W,p% < 0:042).

Turning to priming, we have signi cant di erences in risk taking of cismen when being
primed MASCULINE (W, p% < 0:046; see Table C.21). We nd no di erence in risk taking
for all other subject groups when primed with a gender (W,p% > 0:092). The ndings are
independent of what other control variables are taken into account. The egression analysis
for risk attitudes is thus similar to what we found for competition ent ry rates. There is no
systematic in uence of a gender prime on the participants. Howeverwhen being primed
with their own gender, cismen signi cantly increase their risk taking behavior.

311t may be interesting in what payo s behavior in the competitiveness t ask results. We provide details
and di erent analyses on the performances in the real e ort task of Part 2 to 4 in Appendix C.3.
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Figure 6.2. Investments into the risky lottery in Part 5 by treatment and subj ect group (n = 780).

Note: The bars show the average investment rate, and the error bars represent the standard errors of the
means.

6.2.4 Altruism

Last, we test for di erences in the donation task (see Fig. 6.3 and Table 22). Donations in
NEUTRAL are not distinguishable across subject groups (KW, p = 0:933). Neither pooled
results for gender nor for sex yield a di erence in donation rates (Fig.C.6 and Fig. C.7;
MWU, p% > 0:564). Concerning the causal impact of gender priming, we do not nd
signi cant e ects for any subject group and any priming condition (MWU, p% > 0:260).

The regression analysis in Tables C.23 and C.24 con rms these ndings. aint coe cient
tests for gender or sex do not show signi cant correlations in the basetie condition (W,
p% > 0:580). Moreover, the impact of all priming conditions on all subject groups emains
insigni cant, even after controlling for di erent sets of additional p ersonal covariates (W,
p% > 0:214).

To summarize, we nd no correlation between gender or sex on altruism ad do not
detect any causal impact of gender priming on altruistic behavior in oursetup.

6.2.5 Gender and sex di erences within priming conditions

As we have shown so far, there is no systematic correlation between gger and behavior in
the NEUTRAL treatment. Here we brie y test for gender and sex di erenc es in behavior
within the two priming treatments. Looking at Fig. C.2, Fig. C.3, Fig. C .4, Fig. C.5,
Fig. C.6, and Fig. C.7 and analyzing the gender di erences with non paraméric tests, we
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Figure 6.3. Donation in Part 6 by treatment and subject group (n = 780).

Note: The average donations are indicated by the bars, and the error bars represent the standard errors of
the means.

see no di erence in competition entry rates (FEMININE: 2, p=0:725, MASCULINE: 2,
p = 0:115), risk taking (FEMININE: MWU, p=0:560, MASCULINE: MWU, p=0:507),
and altruism (FEMININE: MWU, p=0:132, MASCULINE: MWU, p = 0:532). Turning
to sex di erences, the picture slightly changes. First, we see iderences between subjects
of male and female sex in both priming conditions (FEMININE and MASCULINE) for
competitiveness. The di erences are close to conventional levelsf signi cance (FEMININE:

2 p=0:051, MASCULINE: 2, p=0:067). Second, for risk taking, we nd a signi cant
di erence in the MASCULINE treatment only, with subjects of male sex t aking more risk
than subjects of female sex (MWU,p = 0:011). Third, for altruism, we nd subjects of
female sex having signi cantly higher scores than those of male sex inhe FEMININE
treatment (MWU, p = 0:023). Hence, for risk and altruism we nd that only those sexes
show higher scores who are primed with the gender identity that thg would cisgender
stereotypically be associated with.

6.2.6 Replication of the correlational analysis with a continuous gende r
measure

With just a handful of exceptions (Kastlunger et al., 2010; Lemaster and Stough, 2014;
Meier-Pesti and Penz, 2008), researchers in economics always used aeggirical way to
measure gender. However, it is more and more discussed that gender midhe a continuous
characteristic rather than a binary (or categorical) one (Hyde et al., 2019). Gader can be
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measured on a continuous scale by using the BEM sex role inventory (Géenhuys and Bosch,
2020), which is part of our post experimental questionnaire. Thus we rerwun all regression
analyses and include, instead of the subject groups, the variableBEMscore : Feminine
(de ned as the score participants reached on the BEM questions measurg femininity) and
BEMscore : Masculine (score on masculine questions in the BEM).

Results in Table C.25 to Table C.27 show throughout that neither the faninine nor the
masculine score signi cantly in uence how the participants decide (p% > 0:057). This is not
surprising since the BEM scores and the gender categories are highlprelated (feminine:
KTAU, p=0:001, masculine: KTAU, p=0:003), and we did not nd correlational gender
di erences in the baseline condition for neither of the economic desions we investigate.

6.3 Discussion

This paper applies well known and extensively used experimentatechniques to identify the
in uence of gender and sex on economic decision making. First, we sepate the impact of
gender and sex on economic decisions by collecting data from participastwhose gender
and sex di er, which is new to the literature. We compare the compettive, risk, and
altruistic behavior of four di erent subject groups cismen, ciswomen, transmen, and
transwomen. Second, we induce either a neutral, feminine, or mastine gender identity
by having di erent priming conditions. Thus, with our experime ntal setup, we go beyond
correlating gender and sex with decisions and try to evoke gender iddities through a
priming manipulation causally.

Even if this study was pre registered and carefully designed folloving existing literature
and the state of the art standards in experimental economics, the ndirgs largely diverge
from previous work. Our results do not show conclusive correlational oicausal evidence for
gender or sex as determinants of economic decision making. Apart from some @rences
described in the previous sections, the pattern is essentiallyansistent. gender and sex
di erences in behavior remain mostly statistically indistinguis hable. Moreover, as a side
result, we see that cis- and transgender participants do not systematally dier from
each other in their behavior. Additionally, the main correlational nd ings replicate when
applying a continuous instead of a categorical gender measure. Our ovetahterpretation
of the data is that gender and sex might not matter as much as we initially thought. But
what can explain these ndings?

First, one explanation could be that gender e ects might depend on the underlying
subject pool. The existing literature has treated gender di erences in behavior as a
pretty well established and robust nding. However, the vast majori ty of these papers use
standard student subjects (Marianne, 2011). Studies that use other sanlps (Charness
and Villeval, 2009) or online samples are generally less likely to report geraat di erences,
especially when controlling for a set of participants' characteristcs (Almas et al., 2016b;
Flory et al., 2018)

Second, almost two decades have passed since the rst studies thatdked into com-
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petitiveness, risk, and altruism were published and found gendedi erences in behavior.
One can thus speculate that female empowerment, educational initidves, and the broader
awareness of gender and sex equality in private and professional settjs have led to a
narrowing of potential behavioral di erences in the meantime.

Third, the absence of an e ect of gender priming on the behavior of trangender subjects
may be rooted in the connotation those subject groups have with genderFor transgender
individuals, the concept of gender might be a relatively continuous pectrum, whereas
for cis individuals it might be seen as a binary dimension. As such, geder might not
be as decisive for transgender as for cisgender individuals. The fachat gender priming
seems to work only for cismen but not for ciswomen might hinge on the role geler usually
has played for those two subject groups. Whereas for cismen their geed usually comes
with advantages and, as such, has a positive connotation, ciswomen might hawmegative
experiences concerning the way society treats them based on thegender.

Despite the partly unexpected ndings, we belief that there are ®veral key takeaways
from this study. For the rsttime, we present evidence from a samge of cis- and transgender
participants in one framework, which allows for both a correlational and a @usal approach,
and look at how they decide in a competitive context and when making rsky or altruistic
decisions. Transgender individuals have become a more and more vigbpart of society.
Thus, we think it is crucial to understand their economic preferences. Besides, having
transgender participants in our sample makes it possible to look deepénto the part that
an individual's gender - as opposed to sex - plays in economic decisionaking. In our
setting, we shed light on the part of gender e ects that can be attributed to biological
factors (which refer to a participant's sex) and other aspects of one'ggender identity.
Additionally, we do not measure gender only on a categorical scale; insteadve also apply
a continuous gender scale. Our results are qualitatively the same, glependent of what
gender scale is used. Based on our ndings, we conclude that the role of giger and sex is
not as decisive for economic behavior as previously assumed.
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Conclusion

This dissertation is a collection of three projects that contributed to di erent research elds.
All projects have in common that the approach has been designed from thedginning to
be data-driven. The rst one addresses curve data that exhibit a compex and challenging
structure. The problem of irregularly spaced observations and truncaton is solved by a
cutting-edge neural network the RNAA. The second and the third project are based on
data collected in online experiments using oTree. They served tanalyze the role of round
numbers in bargaining and the in uence of gender and sex on economic desgbn making.

In Chapter 3, the RNAA was introduced. This is a recurrent neural network with
encoder-decoder architecture, an attention mechanism, and an impesl autoregressive
input data structure. The RNAA learns to match an input sequence to a target sequence
and their within-sequential dependencies while autonomously deding which part of the
encoded input sequence should be paid attention to. In an applicationd data of the
German balancing market, the RNAA showed convincing performance in tihee di erent
evaluation cases. The project contributes a new forecasting methothat can operate on
curve data that usually need processing for other approaches. The mkbd is accompanied
by a toolbox that allows utilization in other applications. Furthermor e, the project provides
a clean data set for further research in the eld of functional time series analysis. Finally,
a benchmark study comparing univariate methods, neural networks, ad methods from
functional time series analysis was also conducted in the context of ik project.

The study of the role of round numbers in bargaining settings was presded in Chapter 4.
During the analysis of millions of observations from the trading platform eBay, it was
found that the share of round-number o ers and countero ers increases hroughout the
bargaining process. In addition, it was shown that negotiations that endel with a round
price were shorter on average. This was con rmed for the duration of the egotiation as well
as for the number of o ers and countero ers. In order to study the two possible channels -
round-number bias and focal points - an experiment was developed. Thexperiment was
conducted on Amazon MTurk, and it provided robust evidence for a roundnumber e ect
that di ers between the individual and cooperative setting. For the female sub-sample, two
insights were obtained. First, in the individual setting, the round-number e ects were only
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present for higher o er shares. Second, they manifested only for loweo er shares in the
coordinative setting. Individual behavioral biases can easily explai the rst insight, and

the latter is apparently the result of coordinative considerations. The project contributes
twofold to the literature. First, it provides an empirical analysis of millions of observations.
Secondly, it describes a new experimental design that allows to atly round-number e ects.

In the third project, well known experimental frameworks to ide ntify the in uence of
gender and sex on economic decision making were applied (Chapter 6). In ast step,
data from participants whose gender and sex di er were collected on Pralc to study
the impact of gender and sex on economic decisions. Then, the competig, risk, and
altruistic behavior of four di erent subject groups cismen, ciswomen, transmen, and
transwomen was compared. In a next step, di erent priming conditi ons induced either
a neutral, feminine, or masculine gender identity. Thus, with this experimental setup,
the study went beyond correlating gender and sex with decisions andried to understand
causal relations through priming manipulation. It was concluded that the role of gender
(and sex) is not as decisive for economic behavior as assumed. The rdsullid not show
conclusive correlational or causal evidence for gender or sex as deterraints of economic
decision making. This project makes several contributions to the exsting literature. First,
it presents a sample of cis- and transgender participants in one framewvk covering their
competitive, risk, and altruistic behavior. Second, the sample albws for both a correlational
and a causal approach to study which part of gender e ects can be attributel to biological
factors (which refer to a participant's sex) and other aspects of one'ggender identity.
Finally, gender is measured not only on a categorical scale but also on a contious gender
scale that has been included in the analysis.

To draw a nal conclusion to this dissertation, it remains to say that for the two main
research areas - forecasting methods and behavioral economics - thereeanany more
unexplored and unresolved questions. It would certainly be excitig and also tempting to
pursue these questions. However, every journey must come to an endhe present work
was a modest attempt to t small pieces of the puzzle into the overal picture. | hope that
| could convey my ideas and approaches convincingly to the reader, and thanyou for
your patience.
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Appendix: Chapter 3

A.1 Model architecture

These sections provide the formal description of the RNAA. The followhg notation
follows Goodfellow et al. (2016) for one step and the o cial TensorFlow documentation.
TensorFlow operates on multi-dimensional arrays that are labeled tensors. It is pasible to
feed in only part of the data (batches) for computational e ciency. The b atch size denotes
the size of the parts, but is for readability set to 1 and omitted in this section. Activation
functions are, in general, applied element-wise.

We assume the original de nition of x and y:
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where ny and ny denote the sequence lengths, which might vary across periods. The
arguments of the activation functions, e.g., tanh, sigmoid, are regulated @ a set of weights
and biases. To provide a systematic naming concept that shows whicimput a weight matrix
transfers to the activation function, the term map is a proxy for the term activation function.
Therefore, in this section, b denotes a bias vectorU an input-to-map weight matrix, W an
output-to-map weight matrix, V a state-to-map weight matrix and C a context-to-map
weight matrix. The superscripts will distinguish the di erent weight matrices.

A.1.1 Encoder (LSTM)

The Encoder cell's architecture is an LSTM and the Encoder consig of multiple units
representing the dimension of the states. The LSTM cell updates & cell state by the
fraction of the previous state, s 1, determined by the forget gate f (), and the fraction
of a proposed candidate cell states,~determined by the input gate, g(":

s =0 i Dy g &
where denotes the element-wise multiplication and the candidate cell site is given by
=" P+ue xD+we pt D,
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where () denotes as usual a logistic sigmoid function.
The forget gate is computed with the input, x(), and the previous output, hl' 1 of
the cell for each step by
fO= g +uf xO+wl pl D
and the input gate uses a similar functional form but with its own weight matrices:
g = B+ ud x®+wI pi D

The output of the LSTM cell is computed by the hyperbolic tangent, tanh( ), of the state

by
h® =tanh s i,

and controlled by the output gate
= P+ U xO+wo pi D
The cell state is initialized by s© = 0. The dimensions of the matrices and vectors are
as follows. Letm be the number of features, then
x0:m 1
Let ne be the number of units of the Encoder, then
B0 ine 1
usuf;u%u®:ne m;
WEWHWI W ng ne
The number of units, ne is often referred to aslatent dimension. So, the total number of
parameters of the LSTM layer can be computed with
NEncoder = 4(Ne + NeM + ng): (A1)

A.1.2 Decoder (GRU)

The main di erence between the GRU and LSTM cell is the missing ouput gate in the
former. Hence, the state and the output are the same. These two termsstate and output,
are often used interchangeably in the literature, even though it is ony correct for the GRU
architecture. The GRU cell updates its current state by the fraction of the previous state

and a candidate state by theupdate gate

sfji) = 1 zO sg Dy 20 sg);
where the initial state, s((jo), is the nale state of the Encoder. The candidate state,sg), is
provided as weighted sum of the previous target sequence step, thaqvious state weighted

by the reset gateand the context vector,

- . h _
s&”ztanh uP y Dy yp o (0 Sg D scp ¢4 -
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Notice that by default the GRU utilizes the ground truth, y(' 1, which is also included
additionally to the previous state/output. The update gateis given by

20 = Uz y(i 14 y2 Sg 1, cz )4
and the reset gateby
r() = U y(i D4 yr Sg 1) +Cc Dy pg

In addition to the classical GRU structure, these gates contain the cotext vector, ct),
with the context-to-map weight matrix C. The context vector is provided by the attention
mechanism as sum of the complete sequence of outputs of the Encoderigiged by the
attention weights, j(i). First, the sequence is processed by the Encoder and its output
h= h®;::::h(™) is obtained. Bahdanau et al. (2015) labelh as annotations. Then,
the context is computed with

ROWR O po)
j=1

where the attention weights, j(i), are computed using a softmax activation function,

(i)

0=, exp ¢
i . i
X exp eﬁ')

based on the previous state of the Decodersfji 1), and all outputs of the Encoder
e](i) =\ tanh V2 sg Dywa hi)+ -
The output of the Decoder is computed by
hy) =linear v s{’+cd D+ ;

where linear () returns its argument unchanged. The function is labeled for easier ajgist-
ment, e.g., to be replaced by the wide used softmax function.

Let ng be the number of units in the Decoder, andn, the number of units of the
attention mechanism, andy() be am 1 vector, then

vd:m ng
Ch m ne
om 1
;e ing 1
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a . .
Ve:ing ng;

W2:na ne:
The total number of parameters of the Decoder is
Npecoder = M(4Ng + Ne+1) +3 Ng(1+ Ng+ Ne) + Na(2+ Ng + ne): (A.2)

A.1.3 Number of parameters

The total number of parameters with normalization n = ny = ne = nq for the Encoder
and Decoder is given by

NEncoder = 4(N + nNm + n2); (A.3)

A.1.4 Deep learning layers

In the hyperparameter optimization, the Tuners are allowed to add addtional layers after
the Decoder to implement a very simple approach to a deep learningtructure. This
allows to search in a vertical and horizontal manner for an appropriate mode Each layer
implements

h{ =linear W' h{", + 14 ; (A.5)

hl(i) is for | = 0 the output of the Decoder, h(i), and for each next layer, the previous deep
learning layer, hl(i), | > 0. The dimension of W' di ers with its position in the model. The
rst weight matrix for | =1 has dimensionn, m to transfer the output to the n; cells
of each dense layer. The last matrix forl = n; has dimensionm n; to transfer to the
number of features of the target sequence. The possible layers withthe deep learning
part are standardized ton, np. The bias term, H adjusts accordingly to match the
dimensions ofw'.
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A.2 Additional data visualization
This appendix section provides more details on the primary data set.
A.2.1 Descriptives of the data set

Table A.1 summarizes the complete data set by the auction format, the poduct and the
period for which the product is o ered. It also provides the weely or daily averages of the
bid, i.e., the capacity and energy price as well as the bid size in MW.

Table A.1. Descriptive statistics of the data set.

Averages
Auction format Product Slice Time n Capacity price Energy price MW o er
NEG HT  08:00 - 20:00 368 257.36 1249.39 18.07
Weekly NT  20:00 - 08:00 368 500.10 1680.72 18.16
POS HT  08:00 - 20:00 368 293.20 1960.25 22.32
NT  20:00 - 08:00 368 506.14 2009.66 21.48
- 00:00 - 04:00 845 16.19 738.39 6.72
NEG - 04:00 - 08:00 845 11.55 707.34 6.79
- 08:00 - 12:00 845 7.98 537.85 6.98
Daily
- 12:00 - 16:00 845 12.73 664.69 6.87
- 16:00 - 20:00 845 7.28 515.27 7.06
- 20:00 - 24:00 845 6.12 441.76 6.94
- 00:00 - 04:00 845 6.58 729.52 6.69
POS - 04:00 - 08:00 845 9.25 828.81 6.66
- 08:00 - 12:00 845 13.61 878.49 6.55
- 12:00 - 16:00 845 10.07 714.61 6.66
- 16:00 - 20:00 845 19.07 927.01 6.57
- 20:00 - 24:00 845 11.73 860.17 6.64

Note: For each category, the number of observations, n, the average capacity p&c energy price, and MW
o er is reported.

A.2.2 MW capacity

Fig. A.1 shows the empirical cumulative distribution (ECDF) for th e two auction formats
for POS HT and POS 8:00 - 12:00. It can be seen that in both formats there is variatin
in the bid sizes. In the daily format, the 5 MW bid size is mostly obseved.

A.2.3 Average weighted weekly capacity prices

Fig. A.2 shows the AWWC price for the POS HT of weekly auctions. The time series
shows huge volatility and a downwards trend.
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Figure A.1. Empirical cumulative distribution function of the bid size by auct ion format.

Note: Both plots show the range from 0 to 50, which covers 94.3% and 99.9% of the obgrvations for the
weekly and daily format, respectively.

Average weighted weekly capacity prices 2011-06-27 / 2018-07-09
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Figure A.2. Average weighted weekly capacity prices.

Note: The prices in /MW according to Eq. (3.16) for the period from 2011/06/27 to 2018/07/ 09.

106



Appendix A

A.2.4 Varying sequence length

This section illustrates the problem that the sequence length is &rying across time. It
presents results based on weekly and daily auction formats. Fig. A.3 shes that there was
an upwards trend in the number of bids. An interrupted time seriesanalysis approach (red
line) is applied on temporally equidistant observations, i.e., in the daily auction format,
observations from one day per week are used. It identi es a signi cantpositive linear trend
and a signi cant positive shift of 168 bids when the auction format change wasntroduced.
The interrupted time series approach (McDowall et al., 2019) shows a ghi cant positive
linear trend for the number of bids with a stark increase of 168 bids for he change of the
auction format from weekly to daily. A frequency plot of these sequene lengths, Fig. A.4,
shows a sharp distinction between the observed lengths by the auicn format.
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Figure A.3. Number of accepted bids.

Note: The number of bids of one supply curve represents the sequence length illustrated by gray circles.
The solid black line marks the change from the weekly to the daily format on 201 8/07/11. The red line
shows the estimates of an interrupted time series analysis.

A.2.5 Supply meets demand

Fig. A.5 illustrates supply and demand. The total supply depicted by empty circles is
the sum of each bid's capacity within one supply curve in one period.Red dots mark
the GCC's announced demand, which was initially disclosed quartest but changed to an
a-day-before announcement which is not illustrated. Blue dots showhe observed and
published demand. The deviations in the rst sections result fromlarge capacity o ers at
the end of the supply curve with the highest capacity price from whch only the required
amount was procured. The GCC's change of the announcement method ledtconsiderable
variations in the last section, in which the exchange with Austria conpensates for supply
de cits or oversupply.
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Figure A.4. Frequency plot of the number of accepted bids.

Note: The coloring indicates the auction format (red for daily, blue for weekly). The re is a sharp distinction
between the two formats separating in the left (weekly) and right (daily) concentrations. The average
number of accepted bids is 91.05 with a standard deviation of 23.77 for the weekly auction and 300.8 with
a standard deviation of 43.0 for the daily format.
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Figure A.5. Total supply, quarterly announced demand, and observed demand.

Note: Total supply, quarterly announced demand, and observed demand. Empty circles depict t he total
supply. Red dots mark the GCC's announced demand. Blue dots show the observed and published demand.
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A.3 Additional results

A.3.1 Supply curve case with simple NNs

In the additional step of the performance evaluation, the aim is to predct the non-smoothed
and non-truncated supply curves, including the bid sizes. InPython, this can be thought
of as extending the last dimension of the 3D array by one more feature, or imther words,
one supply curve is modeled as a two-column matrix; see Eq. (3.19). Inhe functional
case, the evaluation of the smoothed curves on a xed and constant numbeof points can
be thought of as normalization to an equally spaced grid, elegantly omittingthe irregular
spacing problem. The RNAA does not have to rely on this normalization sirte it can
process the bids directly, as just explained. Consequently, tt RNAA is only compared to
the default simple NN models in this section since other methodsequire more complex
or combined approaches. The supply curves are taken as they were obseds and each
sequence is padded with trailing zeros to the maximum length, as redarly done in the
machine learning literature. The prices are logarithmized after addhg an o set of +1 and
cumulative bids are min-max normalized. The reported forecast metrgs are computed on
a Rolling principle but on a one-step basis instead of the complete awe.

All models have access to the complete input sequence, and the dts are shown in
Table A.2. The choice of hyperparameters for the RNAA remains unchanged congred to
the functional case in Section 3.6.2. The Naive approach is replaced by the L&5IN, which
simply repeats the last observed step of the input sequence. Theample NNs utilize a
Window approach for the data, which is adjusted to two scenarios. In the rst scenario, the
simple models are designed to predict the whole target sequencesa one-shot manner since
the RNAA predicts the complete sequence step-by-step by defaultin this scenario, the
metrics decrease with increasing model complexity, as shown byhe numbers in Table A.2
that become smaller line by line. Overall, the RNAA exhibits the smallest MSE and MAE
compared to all benchmark models.

In a second scenario, it is accounted for the simplicity of the modelswhich might be
the reason that they are unable to predict the whole sequence. So, th&mple models are
now designed to only predict a single step of the target sequence. This very bene cial in
terms of prediction errors since compared to the previous scenariohe MSE and MAE
shown in Table A.2 are sharply reduced. However, the RNAA is still the model with
the smallest MSE and outperforms three models in terms of MAE. Only e Last model
has a smaller MAE, indicating fewer outliers, and is pro ting the most from the reduced
prediction task since only the last step is used naturally limiting deviations. Since the
RNAA has access to the same input and consists of a step-by-step prooa, it is still
comparable to these simple NNs, and it inherently addresses both scarios simultaneously.
So, the metrics for the RNAA remain the same.

As in the previous sections, the RNAA's attention mechanism produces arattention
plot based on the training set. It is displayed in Fig. A.6. Compared to the attention plot
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Table A.2. Forecast accuracy evaluation (supply curve case).

One-shot One-step

Method MSE MAE MSE MAE

Last 0.22331 0.28263 0.09362 0.04918
Linear  0.11433 0.21807 0.07450 0.14197
Conv 0.10411 0.19799 0.05562 0.09038
LSTM  0.07538 0.15940 0.05562 0.06842
RNAA 0.04716 0.06537 0.04716 0.06537

Note: The table summarizes the MSE and MAE
between the true and the predicted bids under the
Rolling principle. The predictions are based on the
simple NNs (Last, Dense, CONV, LSTM) and the
RNAA in a one-shot and a one-step scenario. The
Last method replaces the Naive approach but is essen-
tially identical. The simple NNs are using a Window
approach implementation. The reported metrics for
the RNAA are identical in both scenarios because the
RNAA constantly operates in a one-shot mode.

in the functional case, this plot shows that the middle section of theinput sequences is
very important for the nal steps of the target sequence. Moreover, the deviations are
visibly higher than in the functional case. Here, each step is a bid tht consists of the
capacity price and the capacity. So, the bids of the middle segment shw high relevance
when predicting the top bids of tomorrow and the starting bids. This is an intriguing
insight, signaling that when using the supply curve only partly and restrict forecasts to the
prices without considering the irregular spacing given by the bid &es, valuable information
is lost.

A.3.2 Evaluation to the same end

Table A.3 summarizes the MSABC for the supply curve case under the Riihg and Ahead
forecasting principle approximated by Step and Linear. For this table all methods are
evaluated up to | =1. So, it acts as a contrast to the approach presented in Section 3.6.3.
It is hardly surprising that almost all MSABC for the Naive method and the RNAA
decrease or remain identical. Solely for the Naive method, the MSABC uder the Ahead
principle with the Step approximation increases. It might have bene ted more from the
increased number of bids in the now truncated range.
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Figure A.6. Attention plot (supply curve case).

Note: The sequences consist of the non-smoothed supply curves, including the bid sizesand zero padding.
The attention weights displayed in the attention plot are the average of all input and target training sequences
across a bid's price and capacity. The model was trained on the data from 2011/06/27 to 2017/12/11.
The coloring illustrated from light to dark shades the amount of attention a ssigned in ascending order.
Attention weights over the 99.5% quantile are grouped in the darkest ¢ ategory for visualization reasons.

Table A.3. Forecast accuracy evaluation (supply curve case) with | = 1.

Rolling Ahead
Range Method Step  Linear Step  Linear
Total Naive 0.00182 0.00190 0.00955 0.00910
Bosq 0.00219 0.00207 0.01179 0.01117

FTSA - Uni 0.00185 0.00171 0.00956 0.00904
FTSA - Multi  0.00181 0.00168 0.00815 0.00770

RNAA 0.00146 0.00140 0.00700 0.00658
Upper quartile Naive 0.00010 0.00006 0.00063 0.00035
Bosq 0.00020 0.00008 0.00077 0.00056

FTSA - Uni 0.00018 0.00007 0.00063 0.00044
FTSA - Multi  0.00016 0.00006 0.00057 0.00038
RNAA 0.00019 0.00006 0.00017 0.00023

Note: The table summarizes the MSABC between the true curve and the pre-
dicted curve under the Rolling and Ahead principle. The FTSA methods (Bosq,
FTSA - Uni, FTSA - Multi) and RNAA are evaluated up to 1 [truncated sup-
ply curve]. The column Range de nes the starting point, i.e., the total range is
from o=0to | =1. The upper quartile starts at the average upper quartile
of 0.7598. The area under the curves is approximated by a stepwise conriemn
of two points (Step) or by a linear interpolation (Linear).
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A.4  Window approach
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Figure A.7. Window approach on two-dimensional time series.

Note: The picture shows the rst ve observed supply curves. The supply curves are stacked in t ime, so
the x-axis represents the time, where the intervals between two dates are subdivided by the bid numbers.

The bid number is the position within a supply curve given by the increasing orde r of the capacity price.

The top panel shows the capacity price dimension and the bottom panel the cumulat ive MW positions.

The coloring illustrates the Window approach where the rst curve is captured by the rst , blue rectangle
and the second, red rectangle captures the next curve. The former is the input and the lat ter is the target,

which the network aims to predict. Both rectangles are shifted simultaneousl y by the same step size ahead
along the time axis.
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Appendix: Chapter 4

B.1 eBay data processing

Backus et al. (2020) provide two data setsthreads and lists .32 The term thread identi es
a sequence of o ers for a given buyer and seller pair bargaining over a gw item. Each
observationin the rst data set consists of an o er from the buyer or the seller in a given
thread with a time-stamp of the creation time and the response in plan text. Additionally,
the current status of the o er (accepted, declined, countered) canbe found. Hence, one
thread can consist of multiple observations, but the last (most recen} observation covers
the nal decision and the nal price, for which the bargaining parties settled. The second
data set includes additional information about the item listing on the eBay platform. The
unique item ID connects both data sets. The author's codebook prodes more details on
the covered variables.

We develop two ltering procedures that collect the data for the empirical analysis.
The rst one is written for the package data.table for R3.6 and uses the data set threads.
It creates a unique identi er for successful threads and calculate the duration of the
negotiation, i.e., the time between the buyer's rst o er and the n al acceptance marking
a successful thread. Additionally, it indicates whether the nal price is round or not. The
pseudo-code is shown in Algorithm 1. In particular, it rst selects only the successful
negotiations and then computes the duration for the di erent cases. Lasty, it creates the
indicator for round numbers. The second algorithm is written for STATA MP6.0, and the
pseudo-code can be seen in Algorithm 2. It links the information of the iem in the initial
listing from the data set lists by using the unique item ID to the data set that the previous
algorithm created.

In a last step, the complete data set is saved in the distributionfriendly csv-format
and for the descriptive and regression analysis in the dta-format.

Table B.1 and Table B.2 summarize the distribution of the observations

32The data set is publicly available at Link or Online (2022b).
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Data: eBay data threads
Result: data set (i;pi; ti;1()i))
for all observations 1 = 47;377,200 do

if o er was accepted (status_id=1) or auto-accepted (status_id=9) then
keep ID of item, seller, buyer, thread;
create new unique ID ('s) for each kept quadruple (» = 12;018 417)
end

end

keep observations inthreads by above new ID (h = 17; 892 293);
transform plain text dates to interpretable dates;

for all i with only one observationdo

calculate t; between creation date and response date;
save byi: item id, price, tj;

end
collect (n = 8;534 3398);
for all i with more than one observationdo
order by creation date in ascending order;
calculate t; between creation date of rst observation and response date of
last observation;
save byi: item id, price pj, tj;
end
collect (n = 3;317, 934);
merge cases and reduce to one observation per ID(= 11; 301 474);
createl (p; 2 )i;
remove duplicatesf = 4;159);
save data set to external le;
get item's IDs (n = 11;297: 315 and sort;
save item ID to external le;

Algorithm 1:  Procedure in R 3.6.1.
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Data: eBay data lists

Result: data set (i; X ;)

for all observations(n = 98;307,281) do

order by item ID;

if item ID is in item ID le

| keep
end
end
collect (n =11; 297, 315),

then

merge with duration le (1:1);

Algorithm 2:  Procedure in STATA 16.
Table B.1. Conditions of the items in the eBay data.
N % P %

New 2,300,284 28.24 28.24
New other 695,968 8.55 36.79
New with defects 35,918 0.44 37.23
Manufacturer refurbished 12,032 0.15 37.38
Seller refurbished 36,985 0.45 37.83
Like New 315,149 3.87 41.70
Used 4,286,288 52.63 94.33
Very Good 219,391 2.69 97.02
Good 114,677 141 98.43
Acceptable 32,636 0.40 98.83
For parts / not working 95,047 1.17 100.00

Total

8,144,375 100.00

Note: The table shows the distribution of the item's condition of the
eBay data set of Backus et al. (2020) after applying our algorithm.
The conditions are ordered by their numeric ID in the data set.
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Table B.2. Categories of the items in the eBay data.
N % P %

Collectibles 1,414,232 12.75 12.75
Everything else 42,679 0.38 13.14
Toys and Hobbies 658,335 594 19.07
Dolls and Bears 125,574 1.13 20.21
Stamps 106,335 0.96 21.16
Books 302,895 2.73 23.90
Jewelry and Watches 711,072 6.41 30.31
Consumer Electronics 263,319 2.37 32.68
Specialty Services 930 0.01 32.69
Art 108,317 0.98 33.67
Musical Instruments and Gear 178,088 1.61 35.27
Cameras and Photo 144,795 1.31 36.58
Pottery and Glass 209,958 1.89 38.47
Sporting Goods 421,476 3.80 4227
Video Games and Consoles 184,018 1.66 43.93
Pet Supplies 14,453 0.13 44.06
Tickets and Experiences 28,727 0.26 44.32
Baby 28,417 0.26 44.58
Travel 10,717 0.10 44.67
Real Estate 81 0.00 44.67
Coins and Paper Money 283,656 256 47.23
DVDs and Movies 108,607 0.98 4821
Music 212,624 1.92 50.13
Clothing Shoes and Accessories 2,487,553 22.43 72.56
Home and Garden 330,926 298 75.54
Business and Industrial 393,465 3.55 79.09
Crafts 93,174 0.84 79.93
Cell Phones and Accessories 135,474 1.22 81.15
Antiques 202,743 1.83 82.98
Health and Beauty 136,147 1.23 84.21
Entertainment Memorabilia 135,324 1.22 85.43
Computers or Tablets and Networking 356,458 3.21 88.64
Sports Mem Cards and Fan Shop 1,258,065 11.34 99.99
Gift Cards and Coupons 1,645 0.01 100.00

Total

11,090,279 100.00

Note: The table shows the distribution of the item's category of the eBay dhta set
of Backus et al. (2020) after applying our algorithm. The categories are ordered

by their numeric ID in the data set.
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B.1.1 Detailed eBay regression results

Table B.3. Detailed regression results of duration or number of periods on round peces.

1) 2 3 4
Duration Duration Periods Periods
Round numbers -24.82  (4.91) -53.02 (5.21) -017 (0.00054) -0.19 (0.00064)
Condition
New 0.00 ) 0.00 )
New other 11.65 (10.4) -0.05 (0.0014)
New with defects 199.56 (45.3) -0.01 (0.0051)
Manufacturer refurbished -34.89 (57.2) 0.09 (0.0098)
Seller refurbished -11.81 (33.6) 0.04 (0.0054)
Like New 32.84 (21.0) -0.05 (0.0022)
Used -79.84 (5.98) -0.10 (0.00079)
Very Good -40.32 (20.5) -0.10 (0.0025)
Good -51.99 (26.2) -0.11 (0.0031)
Acceptable -36.38 (43.4) -0.11 (0.0051)
For parts / not working 332.98 (30.2) -0.08 (0.0033)
Category
Collectibles 0.00 @) 0.00 ()
Everything else -1159.55 (9.80) -0.59 (0.0011)
Toys and Hobbies -138.58 (12.3) 0.10 (0.0015)
Dolls and Bears -310.26 (20.5) -0.04 (0.0026)
Stamps 167.65  (394.9) -0.06  (0.037)
Books -165.24 (23.4) -0.07 (0.0025)
Jewelry and Watches -18.92 (13.3) 0.13 (0.0016)
Consumer Electronics -191.30 (14.6) 0.19 (0.0022)
Art 81.57 (115.6) 0.02 (0.0086)
Musical Instruments and Gear -113.83 (16.0) 0.22 (0.0026)
Cameras and Photo -162.89 (18.5) 0.21 (0.0029)
Sporting Goods -194.64 (12.6) 0.19 (0.0018)
Video Games and Consoles -374.33 (17.3) 0.25 (0.0028)
Pet Supplies -246.58 (54.7) 0.04 (0.0078)
Baby -363.80 (20.7) 0.14 (0.0058)
Travel -185.42 (42.2) 0.18 (0.010)
Coins and Paper Money 30.11 (239.2) 0.01 (0.025)
DVDs and Movies -324.70 (23.1) 0.03 (0.0031)
Music 8.51 (23.6) -0.06 (0.0020)
Clothing Shoes and Accessories -206.50  (9.79) 0.05 (0.0010)
Home and Garden -211.41 (12.9) 0.06 (0.0018)
Business and Industrial 530.35 (21.2) 0.06 (0.0017)
Crafts -412.20 (19.1) -0.13 (0.0027)
Cell Phones and Accessories -645.60 (11.2) 0.26 (0.0030)
Antiques 12052  (242.8) -0.10 (0.037)
Health and Beauty -251.97 (19.4) 0.01 (0.0026)
Entertainment Memorabilia 255.81 (137.1) 0.02 (0.012)
Computers or Tablets and Networking -256.83 (12.6) 0.13 (0.0019)
Sports Mem Cards and Fan Shop 149.11 (18.7) 0.11 (0.0020)
Constant 1059.31  (3.02) 1165.92 (9.80)  1.58 (0.00038)  1.59 (0.0011)
N 11,090,279 8,144,375 11,090,279 8,144,375

Note: The table reports OLS results for the two dependent variables, Duation and Periods. Duration denotes the time between the rst observation
and the last observation of a thread in minutes. Periods denotes the number of o ers made between seller and buyer. The tableeports the coe cient

of the round number dummy asRound numbers There are 11 condition dummies for the item, where the baseline is N&. The meta category of the
item has 38 categories and is considered with a corresponding number ofichmies, where the baseline is Collectible. Missing observatios are due to
incomplete recordings of condition or category. Robust standard errors in prentheses. *** p<0.01, ** p<0.05, * p<0.10.
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B.2 Additional experimental results

B.2.1 Acceptance and rejection times

In this section, we provide details on the decision times for accepinces and rejections

separately in addition to Section 4.3. Table B.4 summarizes the decisn times when an

0 er was accepted. The discussion can be found in Section 4.3.

Table B.4. Decision times conditional on acceptance.

Treatment

Oertype Total Single Partner

Round 9.81 9.88 9.75
NonRound 11.05 10.55 11.52

Note. Average decision times are reported in
seconds.

Table B.5 summarizes the decision times when an o er was rejected. Wen the

observations of rejections are pooled across treatments, we nd signiantly quicker

rejections when a round o er was made (t-test: 7.92s vs. 8.659 = 0:0527). Furthermore,

the di erence in decision times between o er types for rejectiors is the smallest (0.73s)

compared to the previous cases when decisions were pooled (1.11s) or wioaly acceptances

were considered (1.24s). When we control for the treatments, we nd tlat participants in

Partner reject round o ers signi cantly quicker (t-test: 7.96s vs. 8. 95s;p = 0:0479) while

the di erence in Single (t-test: 7.87s vs. 8.37sp = 0:3730) is not signi cant.

Table B.5. Decision times conditional on rejection.

Treatment

Oertype Total Single Partner

Round 7.92 7.87 7.96
NonRound 8.65 8.38 8.95

Note. Average decision times are reported in
seconds.
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B.2.2 Acceptance frequency bar plot

S.1 S.2 S.3 S.4

100.0% 4
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Figure B.1. Acceptance frequencies as bar plot for each segment.

Note: The rows of the gure correspond to the total, female and male sample as indicat ed by the right
legend. Each column corresponds to a segment of o er shares (S.1, S.2, S.35.4). The segments are equally
wide. For each cell of the gure, the share of accepted round and non-round o ers in t he two treatments is
illustrated. The gray bars represent the Single treatment, and the black bars corres pond to the Partner
treatment.

B.2.3 Regression analysis

To evaluate the robustness of our results in Section 4.3, we estimate @nkar probability
model by OLS, where standard errors are clustered on the individualevel. The dependent
variable is the binary variable o er acceptance. We control for o er share, treatment, o er
type, and the interaction of the latter two.

As we have seen in our analysis from Fig. 4.7, a higher propensity to accefs associated
with round numbers in all treatments, but they are likely caused by di erent channels for
high and low o er shares. Thus, it is not surprising to see signi cant round-number e ects
and no signi cant interaction term without restricting the o er shar e, as the round-number
dummy simply captures the whole round-number e ect. To control for this and to keep the
estimated models as parsimonious as possible, we divide our samplednte four o er share
segments as before and estimate the same model separately for each segméable B.6
shows the results of the estimations. The rst three columns sumnarize the estimates for
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S.1. We nd signi cant positive interaction terms. In the total sample , being in Partner
and receiving a round o er increases the acceptance frequency by.8/p (p = 0:080) on
average. The e ect is especially pronounced in the female sample, wehe, ceteris paribus,
a round o er has a 157%p higher chance of being acceptedp(= 0:035). Thus, round
numbers have a higher acceptance frequency in Partner for lower oreshares Result 2 ).
For S.2, we do not nd any signi cant treatment or round-number e ects. Again, this is in
line with the graphical analysis (Column (4) to (6)). For S.3 (Column (7) t o (9)), in the
total sample, there are signi cant treatment and round number e ects. The interaction
is insigni cant. This con rms our argument for round-number bias ( Result 1 ). Only
looking at the female sample, the results are qualitatively similar,but now the interaction is
signi cantly negative. This could already be seen in the gures above aul further con rms
our conjecture that in Partner, subjects were more careful in theirdecision-making, thereby
reducing potentially unconscious biases for round numbers. For S.4, evget qualitatively
similar results. Only now the interaction term for the female sample becomes insigni cant,
yet still has the negative sign as in S.3 (Column (10) to (12)).
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B.3 MTurk and oTree instructions

This section provides screenshots of the human intelligence taskH|T) published on Amazon
Mechanical Turk under the name of Alexander Lauf as the requester and theénstructions
of the experiment in oTree for both treatments. Please note that thesepictures represent
websites. The oTree code is available on request. In particular, te following is covered:

1. HIT - Design and description,
2. Experimental design: Single,

3. Experimental design: Partner.
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B.3.1 HIT - Design and description

123



Appendix B

124



Appendix B

B.3.2 Experimental design: Single
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B.3.3 Experimental design: Partner
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Appendix: Chapter 6

This appendix includes a detailed literature review, further tables, gures, and additional
analyses for Chapter 6.

Ethics and Preregistration Statement This study received ethical approval from
the UEBS Research Ethics Committee of the University of Exeter (Ethics application -
eUEBS004241; 26.05.2021) and the Ethics Committee of the University of Regensburg
(28.04.2021). It was preregistered on aspredicted.org (Nr. 68888) before data caiteon
(seeLink or Online (2022a)).
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C.1 Summary statistics

Table C.1. Descriptives for the cisgender and transgender samples.
Gender
Total Cisgender Transgender p-value
(N=780) (N=425) (N=355)

Treatment 0.933
NEUTRAL 259 (33.2%) 143 (33.6%) 116 (32.7%)
FEMININE 263 (33.7%) 141 (33.2%) 122 (34.4%)
MASCULINE 258 (33.1%) 141 (33.2%) 117 (33.0%)

Age (years) 0.516
Mean (SD) 24.4 (6.60) 24.3(6.52) 24.6 (6.71)

Height (cm) 0.002
Mean (SD) 170 (10.8) 171 (11.0) 169 (10.5)

Student status 0.830
Yes 368 (47.2%) 202 (47.5%) 166 (46.8%)

No 412 (52.8%) 223 (52.5%) 189 (53.2%)

Highest education
University degree
High school diploma/A-levels
Other

Income: Less than 20,000 GBP
Yes
No

Religion
Non-religious
Religious
Not say

Residence
Continental Europe
United Kingdom
United States
Other

BEM group:
Androgynous
Feminine
Masculine
Undi erentiated

BEM score: Feminine
Mean (SD)

BEM score: Masculine
Mean (SD)

TCS
Mean (SD)

STT
Mean (SD)

266 (34.1%)
361 (46.3%)
153 (19.6%)

541 (69.4%)
239 (30.6%)

547 (70.1%)
201 (25.8%)
32 (4.1%)

250 (32.1%)
205 (26.3%)
265 (34.0%)
60 (7.7%)
188 (24.1%)
222 (28.5%)
151 (19.4%)
219 (28.1%)
41.8 (8.58)
33.9 (7.95)

3.67 (1.14)

4.35 (4.59)

159 (37.4%)
189 (44.5%)
77 (18.1%)

286 (67.3%)
139 (32.7%)

295 (69.4%)
112 (26.4%)
18 (4.2%)

169 (39.8%)
101 (23.8%)
133 (31.3%)
22 (5.2%)
116 (27.3%)
104 (24.5%)
95 (22.4%)
110 (25.9%)
41.8 (8.19)
35.0 (7.64)

4.47 (0.570)

0.998 (1.47)

0.094
107 (30.1%)
172 (48.5%)
76 (21.4%)
0.171
255 (71.8%)
100 (28.2%)
0.891
252 (71.0%)
89 (25.1%)
14 (3.9%)
<0.001
81 (22.8%)
104 (29.3%)
132 (37.2%)
38 (10.7%)
0.002
72 (20.3%)
118 (33.2%)
56 (15.8%)
109 (30.7%)
0.730
41.7 (9.03)
<0.001
32.5(8.11)
<0.001
2.71 (0.865)
<0.001
8.37 (3.76)

Note: The table summarizes the characteristics of the cisgender and tragender samples. The
education category other includes subjects that replied technical/ommunity college, secondary
education (e.g. GED/GCSE), no formal quali cation, or don't know/not appli cable. The
religion category religious includes subjects that replied Buddhim, Christianity, Hinduism,

Islam, Judaism, Paganism, Sikhism, or Spiritualism. The residenceategory other includes
subjects that replied Australia, Canada, Chile, Israel, Japan, Mexi®, New Zealand, or South
Africa. The column p-value reports the p-values of 2-tests for categorical variables and the
p-values of Wilcoxon-Mann Whitney tests for numerical variables between the cisgender and

transgender column.
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Table C.2. Descriptives by treatment for cismen.

Treatment
Total NEUTRAL FEMININE MASCULINE p-value
Cismen
(N=214) (N=72) (N=71) (N=71)

Age (years) 0.042
Mean (SD) 241 (5.74) 25.8(7.70) 24.1(4.79) 22.5 (3.44)

Height (cm) 0.449
Mean (SD) 178 (9.08) 180 (10.2) 177 (7.95) 177 (8.77)

Student status 0.754
Yes 102 (47.7%) 32 (44.4%) 34 (47.9%) 36 (50.7%)

No 112 (52.3%) 40 (55.6%) 37 (52.1%) 35 (49.3%)

Highest education 0.237
University degree 72 (33.6%) 26 (36.1%) 27 (38.0%) 19 (26.8%)

High school diploma/A-levels 94 (43.9%) 27 (37.5%) 28 (39.4%) 39 (54.9%)
Other 48 (22.4%) 19 (26.4%) 16 (22.5%) 13 (18.3%)

Income: Less than 20,000 GBP 0.841
Yes 135 (63.1%) 47 (65.3%) 43 (60.6%) 45 (63.4%)

No 79 (36.9%) 25 (34.7%) 28 (39.4%) 26 (36.6%)

Religion 0.820
Non-religious 144 (67.3%) 48 (66.7%) 47 (66.2%) 49 (69.0%)
Religious 60 (28.0%) 21 (29.2%) 19 (26.8%) 20 (28.2%)

Not say 10 (4.7%) 3 (4.2%) 5 (7.0%) 2 (2.8%)

Residence 0.972

Continental Europe 95 (44.4%) 31 (43.1%) 30 (42.3%) 34 (47.9%)
United Kingdom 50 (23.4%) 17 (23.6%) 17 (23.9%) 16 (22.5%)
United States 65 (30.4%) 23 (31.9%) 23 (32.4%) 19 (26.8%)

Other 4 (1.9%) 1 (1.4%) 1 (1.4%) 2 (2.8%)

BEM group: 0.490
Androgynous 56 (26.2%) 19 (26.4%) 19 (26.8%) 18 (25.4%)
Feminine 40 (18.7%) 15 (20.8%) 11 (15.5%) 14 (19.7%)
Masculine 59 (27.6%) 22 (30.6%) 15 (21.1%) 22 (31.0%)

Undi erentiated 59 (27.6%) 16 (22.2%) 26 (36.6%) 17 (23.9%)

BEM score: Feminine 0.644
Mean (SD) 40.0 (8.55) 40.4 (8.52) 39.3 (9.13) 40.4 (8.03)

BEM score: Masculine 0.522
Mean (SD) 35.7 (7.68) 36.2(6.93) 34.9(7.71) 36.0 (8.41)

TCS 0.620
Mean (SD) 4.47 (0.591) 4.45(0.541) 4.49 (0.590) 4.46 (0.645)

STT 0.001
Mean (SD) 0.986 (1.46) 1.18 (1.09) 0.535(0.939) 1.24 (2.01)

Note: The table summarizes the characteristics of the cisgender and tramender samples. The education category
other includes subjects that replied technical/community college secondary education (e.g. GED/GCSE), no formal
quali cation, or don't know/not applicable. The religion category religious includes subjects that replied Buddhism,
Christianity, Hinduism, Islam, Judaism, Paganism, Sikhism, or Spiritualism. The residence category other includes
subjects that replied Australia, Canada, Chile, Israel, Japan, Mexi®, New Zealand, or South Africa. The column
p-value reports the p-values of 2-tests for categorical variables and thep-values of the Kruskal Wallis tests for
numerical variables between the treatment columns.
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Table C.3. Descriptives by treatment for ciswomen.

Treatment
Total NEUTRAL FEMININE MASCULINE p-value
Ciswomen
(N=211) (N=71) (N=70) (N=70)

Age (years) 0.644
Mean (SD) 246 (7.23) 25.0(7.83) 25.1(7.79) 23.6 (5.90)

Height (cm) 0.541
Mean (SD) 164 (7.96) 164 (9.88) 164 (7.02) 165 (6.60)

Student status 0.813
Yes 100 (47.4%) 35 (49.3%) 34 (48.6%) 31 (44.3%)

No 111 (52.6%) 36 (50.7%) 36 (51.4%) 39 (55.7%)

Highest education 0.667
University degree 87 (41.2%) 32 (45.1%) 31 (44.3%) 24 (34.3%)

High school diploma/A-levels 95 (45.0%) 29 (40.8%) 31 (44.3%) 35 (50.0%)
Other 29 (13.7%) 10 (14.1%) 8 (11.4%) 11 (15.7%)

Income: Less than 20,000 GBP 0.253
Yes 151 (71.6%) 53 (74.6%) 53 (75.7%) 45 (64.3%)

No 60 (28.4%) 18 (25.4%) 17 (24.3%) 25 (35.7%)

Religion 0.990
Non-religious 151 (71.6%) 51 (71.8%) 50 (71.4%) 50 (71.4%)
Religious 52 (24.6%) 17 (23.9%) 17 (24.3%) 18 (25.7%)

Not say 8 (3.8%) 3 (4.2%) 3 (4.3%) 2 (2.9%)

Residence 0.589

Continental Europe 74 (35.1%) 28 (39.4%) 25 (35.7%) 21 (30.0%)
United Kingdom 51 (24.2%) 19 (26.8%) 15 (21.4%) 17 (24.3%)
United States 68 (32.2%) 21 (29.6%) 24 (34.3%) 23 (32.9%)

Other 18 (8.5%) 3 (4.2%) 6 (8.6%) 9 (12.9%)

BEM group: 0.187
Androgynous 60 (28.4%) 17 (23.9%) 28 (40.0%) 15 (21.4%)
Feminine 64 (30.3%) 23 (32.4%) 19 (27.1%) 22 (31.4%)
Masculine 36 (17.1%) 14 (19.7%) 11 (15.7%) 11 (15.7%)

Undi erentiated 51 (24.2%) 17 (23.9%) 12 (17.1%) 22 (31.4%)

BEM score: Feminine 0.212
Mean (SD) 435 (7.42) 43.3(7.35) 44.7 (7.66) 42.6 (7.22)

BEM score: Masculine 0.099
Mean (SD) 343 (7.54) 339(7.31) 359(8.18) 33.2(6.93)

TCS 0.878
Mean (SD) 4.48 (0.550) 4.55 (0.413) 4.47 (0.585) 4.42 (0.630)

STT 0.906
Mean (SD) 1.01 (1.49) 1.15(2.07) 0.957 (1.04) 0.914 (1.14)

Note: The table summarizes the characteristics of the cisgender and transgeer samples. The education category
other includes subjects that replied technical/community college secondary education (e.g. GED/GCSE), no
formal quali cation, or don't know/not applicable. The religion category rel igious includes subjects that replied
Buddhism, Christianity, Hinduism, Islam, Judaism, Paganism, Sikhism, or Spiritualism. The residence category
other includes subjects that replied Australia, Canada, Chile, Ismel, Japan, Mexico, New Zealand, or South Africa.
The column p-value reports the p-values of 2-tests for categorical variables and thep-values of the Kruskal Wallis
tests for numerical variables between the treatment columns.
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Table C.4. Descriptives by treatment for transmen.

Treatment
Total NEUTRAL FEMININE MASCULINE p-value
Transmen
(N=215) (N=72) (N=72) (N=71)

Age (years) 0.775
Mean (SD) 24.3 (6.40) 25.1(8.07) 24.0(5.61) 23.7(5.12)

Height (cm) 0.301
Mean (SD) 164 (8.52) 165 (10.4) 164 (7.32) 164 (7.64)

Student status 0.376
Yes 108 (50.2%) 34 (47.2%) 41 (56.9%) 33 (46.5%)

No 107 (49.8%) 38 (52.8%) 31 (43.1%) 38 (53.5%)

Highest education 0.891
University degree 63 (29.3%) 22 (30.6%) 19 (26.4%) 22 (31.0%)

High school diploma/A-levels 109 (50.7%) 37 (51.4%) 39 (54.2%) 33 (46.5%)
Other 43 (20.0%) 13 (18.1%) 14 (19.4%) 16 (22.5%)

Income: Less than 20,000 GBP 0.355
Yes 155 (72.1%) 48 (66.7%) 52 (72.2%) 55 (77.5%)

No 60 (27.9%) 24 (33.3%) 20 (27.8%) 16 (22.5%)

Religion 0.892
Non-religious 144 (67.0%) 47 (65.3%) 49 (68.1%) 48 (67.6%)
Religious 62 (28.8%) 23 (31.9%) 19 (26.4%) 20 (28.2%)

Not say 9 (4.2%) 2 (2.8%) 4 (5.6%) 3 (4.2%)

Residence 0.939

Continental Europe 47 (21.9%) 14 (19.4%) 17 (23.6%) 16 (22.5%)
United Kingdom 64 (29.8%) 22 (30.6%) 23 (31.9%) 19 (26.8%)
United States 85 (39.5%) 31 (43.1%) 25 (34.7%) 29 (40.8%)

Other 19 (8.8%) 5 (6.9%) 7 (9.7%) 7 (9.9%)

BEM group: 0.927
Androgynous 44 (20.5%) 17 (23.6%) 13 (18.1%) 14 (19.7%)
Feminine 69 (32.1%) 20 (27.8%) 24 (33.3%) 25 (35.2%)
Masculine 42 (19.5%) 16 (22.2%) 13 (18.1%) 13 (18.3%)

Undi erentiated 60 (27.9%) 19 (26.4%) 22 (30.6%) 19 (26.8%)

BEM score: Feminine 0.809
Mean (SD) 41.4 (8.90) 41.1(8.18) 41.5(9.47) 41.6 (9.13)

BEM score: Masculine 0.597
Mean (SD) 33.6 (7.43) 34.0(7.42) 33.1(6.98) 33.6(7.95)

TCS 0.692
Mean (SD) 2.82 (0.868) 2.88 (0.946) 2.75 (0.857) 2.84 (0.800)

STT 0.910
Mean (SD) 9.26 (3.15)  9.29 (3.50) 9.21(3.01) 9.27 (2.96)

Note: The table summarizes the characteristics of the cisgender and transgeer samples. The education category
other includes subjects that replied technical/community college secondary education (e.g. GED/GCSE), no
formal quali cation, or don't know/not applicable. The religion category rel igious includes subjects that replied
Buddhism, Christianity, Hinduism, Islam, Judaism, Paganism, Sikhism, or Spiritualism. The residence category
other includes subjects that replied Australia, Canada, Chile, Isael, Japan, Mexico, New Zealand, or South Africa.
The column p-value reports the p-values of 2-tests for categorical variables and thep-values of the Kruskal Wallis

tests for numerical variables between the treatment columns.
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Table C.5. Descriptives by treatment for transwomen.

Treatment
Total NEUTRAL FEMININE MASCULINE p-value
Transwomen
(N=140) (N=44) (N=50) (N=46)

Age (years) 0.345
Mean (SD) 25.1 (7.15) 25.3(5.91) 25.6(9.01) 24.2(5.89)

Height (cm) 0.864
Mean (SD) 175 (10.1) 176 (8.41) 174 (13.4) 175 (7.24)

Student status 0.939
Yes 58 (41.4%) 18 (40.9%) 20 (40.0%) 20 (43.5%)

No 82 (58.6%) 26 (59.1%) 30 (60.0%) 26 (56.5%)

Highest education 0.090
University degree 44 (31.4%) 13 (29.5%) 20 (40.0%) 11 (23.9%)

High school diploma/A-levels 63 (45.0%) 16 (36.4%) 20 (40.0%) 27 (58.7%)
Other 33 (23.6%) 15 (34.1%) 10 (20.0%) 8 (17.4%)

Income: Less than 20,000 GBP 0.070
Yes 100 (71.4%) 37 (84.1%) 34 (68.0%) 29 (63.0%)

No 40 (28.6%) 7 (15.9%) 16 (32.0%) 17 (37.0%)

Religion 0.664
Non-religious 108 (77.1%) 33 (75.0%) 39 (78.0%) 36 (78.3%)
Religious 27 (19.3%) 10 (22.7%) 10 (20.0%) 7 (15.2%)

Not say 5 (3.6%) 1 (2.3%) 1 (2.0%) 3 (6.5%)

Residence 0.257

Continental Europe 34 (24.3%) 11 (25.0%) 9 (18.0%) 14 (30.4%)
United Kingdom 40 (28.6%) 11 (25.0%) 17 (34.0%) 12 (26.1%)
United States 47 (33.6%) 13 (29.5%) 21 (42.0%) 13 (28.3%)

Other 19 (13.6%) 9 (20.5%) 3 (6.0%) 7 (15.2%)

BEM group: 0.333
Androgynous 28 (20.0%) 5 (11.4%) 12 (24.0%) 11 (23.9%)
Feminine 49 (35.0%) 19 (43.2%) 17 (34.0%) 13 (28.3%)
Masculine 14 (10.0%) 7 (15.9%) 3 (6.0%) 4 (8.7%)

Undi erentiated 49 (35.0%) 13 (29.5%) 18 (36.0%) 18 (39.1%)

BEM score: Feminine 0.973
Mean (SD) 42.3(9.22) 42.8(7.72) 41.3(10.4) 42.8(9.28)

BEM score: Masculine 0.996
Mean (SD) 30.9 (8.83) 31.0(9.17) 30.8(8.75) 30.9 (8.80)

TCS 0.745
Mean (SD) 2.54 (0.835) 2.54 (0.755) 2.55(0.872) 2.52 (0.883)

STT 0.027
Mean (SD) 7.01 (4.19) 7.93(4.05) 5.80(4.35) 7.46(3.91)

Note: The table summarizes the characteristics of the cisgender and transgeer samples. The education category
other includes subjects that replied technical/community college secondary education (e.g. GED/GCSE), no
formal quali cation, or don't know/not applicable. The religion category rel igious includes subjects that replied
Buddhism, Christianity, Hinduism, Islam, Judaism, Paganism, Sikhism, or Spiritualism. The residence category
other includes subjects that replied Australia, Canada, Chile, Ismel, Japan, Mexico, New Zealand, or South Africa.
The column p-value reports the p-values of 2-tests for categorical variables and thep-values of the Kruskal Wallis
tests for numerical variables between the treatment columns.
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C.2 Priming (Part 1)

Fig. C.1 presents the number of marked words split up by treatmentsand subject groups.
We do not nd any di erences in marked words within one priming condition across subject
groups (KW, NEUTRAL: p=0:349, FEMININE: p=0:874, MASCULINE: p=0:112).
For the di erent subject groups separately across priming conditions only the number of

words marked by transmen didn't di er across priming conditions (KW , cismen: p < 0:001,
ciswomen: p = 0:038, transmen: p = 0:123, transwomen:p = 0:014). Concerning gender
di erences in NEUTRAL, we do not see signi cant variations (MWU, p = 0:820). The

same is true for sex di erences (MWU,p =0:091). As we did not pre-register to control

for the number of words marked in our regressions, we do not add this varidk in the

reported analysis. However, please note that all main results remain calitatively the same

when we account for the heterogeneity in the number of marked words. Ta additional

analyses are available on request.

Figure C.1. Marked words in Part 1 by treatments and subject groups ( = 780).

Note: The bars show the average amount of marked words, and the error bars represent the standard error
of the mean.
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Table C.6. Words found in the priming task across treatments and subject groups.

Panel A: Priming across treatments
Treatment

Subject groups NEUTRAL FEMININE MASCULINE p-value

Cismen 7.806 7.141 7.718 <0.001
Ciswomen 7.634 7.329 7.029 0.038
Transmen 7.611 7.028 7.296 0.123
Transwomen 7.955 7.420 7.630 0.014

Panel B: Priming across subject groups
Subject groups

Treatment Cismen Ciswomen Transmen Transwomen p-value
NEUTRAL 7.806 7.634 7.611 7.955 0.349
FEMININE 7.141 7.329 7.028 7.420 0.874
MASCULINE 7.718 7.029 7.296 7.630 0.112

Panel C: Priming across groups within NEUTRAL
Group 1 Group 2

Subjects Subjects p-value

Case 1 Cisgender 7.720 Transgender 7.741 0.816
Case 2 Cismen 7.806 Ciswomen 7.634 0.339
Case 3 Transmen 7.611 Transwomen 7.955 0.122
Case 4 Female 7.622 Male 7.862 0.091
Case 5 Feminine 7.757 Masculine 7.708 0.820

Panel D: Priming in NEUTRAL compared to the other treatments

NEUTRAL FEMININE MASCULINE
Subject groups p-value p-value
Cismen 7.806 7.141 <0.001 7.718 0.345
Ciswomen 7.634 7.329 0.012 7.029 0.035
Transmen 7.611 7.028 0.040 7.296 0.207
Transwomen 7.955 7.420 0.004 7.630 0.100

Note: The column p-value reports the results of the tests performed column-wise. For
continuous variables, we conducted Mann-Whitney U tests for two grou and Kruskal-

Wallis tests for more than two groups.
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C.3 Performance in the real e ort math task (Part 2, 3, and
4)

The following tables summarize the performance in the math task by teatment and subject
groups for Part 2 (Table C.7) and Part 3 (Table C.8). By treatments, ciswomen and
cismen have di erences in performance in MASCULINE in Part 2 (MWU; NEUTR AL:
p = 0:080, FEMININE: p=0:205, MASCULINE: p=0:037) and across all treatments in
Part 3 (MWU; NEUTRAL: p=0:004, Part 3 FEMININE: p=0:010, Part 3 MASCULINE:
p =0:028).

Transgender participants show performance di erences in NEUTRAL in Part 2 and 3
(MWU, Part 2: NEUTRAL: p=0:007, FEMININE: p=0:555, MASCULINE: p=0:181,
Part 3: NEUTRAL: p = 0:015, FEMININE: p = 0:600, MASCULINE: p = 0:053).
Concerning sex di erences, male participants always have a higheperformance than
female ones in NEUTRAL and MASCULINE when facing piece-rate incentives (M\VU,
Part 2: NEUTRAL: p = 0:003, FEMININE: p = 0:164, MASCULINE: p = 0:010).
Interestingly, this is true when they compete in Part 3 for all three treatments (MWU,
NEUTRAL: p < 0:001, FEMININE: p=0:014, MASCULINE: p = 0:003).

However, performances do not di er by the individual's gender (MWU, Part 2: NEU-
TRAL: p=0:755, FEMININE: p=0:621, MASCULINE: p=0:553, Part 3: NEUTRAL:
p = 0:575, FEMININE: p = 0:161, MASCULINE: p = 0:675). All di erences vanish in
Part 4, when we split up the data by those in the tournament (see the respective p-values
in Table C.9 and Table C.9). For the priming intervention, we have no evidence of prim-
ing in uencing the performance, independent of the part or subje¢ group (KW, cismen:
p% > 0:478, ciswomen:p% > 0:562, transmen: p% > 0:956, or transwomen: p%S > 0:170).

Please note that we can not exclude that the math task is not in uenced bya par-
ticipant's gender and sex, combinations of it, in addition to interactions with priming.
However, we can control how performance heterogeneity a ects compeiiteness by adding
individual performances to our regressions measuring competitivegss. See Table C.15 to
Table C.16.
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C.3.1 Performance Part 2

Table C.7. Performance in Part 2 across treatments and subject groups.

Panel A: Performance in Part 2 across treatments
Treatment

Subject groups NEUTRAL FEMININE MASCULINE p-value

Cismen 8.458 8.704 9.423 0.478
Ciswomen 7.535 7.929 8.014 0.719
Transmen 7.750 7.778 7.718 0.956
Transwomen 9.409 8.740 8.739 0.285

Panel B: Performance in Part 2 across subject groups
Subject groups

Treatment Cismen Ciswomen Transmen Transwomen p-value
NEUTRAL 8.458 7.535 7.750 9.409 0.011
FEMININE 8.704 7.929 7.778 8.740 0.529
MASCULINE 9.423 8.014 7.718 8.739 0.062

Panel C: Performance in Part 2 across groups within NEUTRAL
Group 1 Group 2

Subjects Subjects p-value

Case 1 Cisgender 8.000 Transgender 8.379 0.405
Case 2 Cismen 8.458 Ciswomen 7.535 0.080
Case 3 Transmen 7.750 Transwomen 9.409 0.007
Case 4 Female 7.643 Male 8.819 0.003
Case 5 Feminine 8.252 Masculine 8.104 0.755

Panel D: Performance in Part 2 in NEUTRAL compared to the other treatments

NEUTRAL FEMININE MASCULINE
Subject groups p-value p-value
Cismen 8.458 8.704 0.797 9.423 0.231
Ciswomen 7.535 7.929 0.488 8.014 0.476
Transmen 7.750 7.778 0.832 7.718 0.932
Transwomen 9.409 8.740 0.125 8.739 0.255

Note: The column p-value reports the results of the tests performed column-wise. For
continuous variables, we conducted Mann-Whitney U tests for two grou and Kruskal-
Wallis tests for more than two groups.
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C.3.2 Performance Part 3

Table C.8. Performance in Part 3 across treatments and subject groups.

Panel A: Performance in Part 3 across treatments
Treatment

Subject groups NEUTRAL FEMININE MASCULINE p-value

Cismen 9.333 10.070 9.930 0.593
Ciswomen 7.423 7.957 8.271 0.562
Transmen 7.833 7.736 7.930 0.979
Transwomen 9.659 8.500 9.326 0.170

Panel B: Performance in Part 3 across subject groups
Subject groups

Treatment Cismen Ciswomen Transmen Transwomen p-value
NEUTRAL 9.333 7.423 7.833 9.659 0.002
FEMININE 10.070  7.957 7.736 8.500 0.021
MASCULINE 9.930 8.271 7.930 9.326 0.024

Panel C: Performance in Part 3 across groups within NEUTRAL
Group 1 Group 2

Subjects Subjects p-value

Case 1 Cisgender 8.385 Transgender 8.526 0.612
Case 2 Cismen 9.333 Ciswomen 7.423 0.004
Case 3 Transmen 7.833 Transwomen 9.659 0.015
Case 4 Female 7.629 Male 9.457 <0.001
Case 5 Feminine 8.278 Masculine 8.583 0.575

Panel D: Performance in Part 3 in NEUTRAL compared to the other treatments

NEUTRAL FEMININE MASCULINE

Subject groups p-value p-value
Cismen 9.333 10.070 0.353 9.930 0.406
Ciswomen 7.423 7.957 0.396 8.271 0.325
Transmen 7.833 7.736  0.920 7.930 0.832
Transwomen 9.659 8.500 0.081 9.326 0.686

Note: The column p-value reports the results of the tests performed column-wise. For
continuous variables, we conducted Mann-Whitney U tests for two grous and Kruskal-
Wallis tests for more than two groups.

159



Appendix C

C.3.3 Performance Part 4

Table C.9. Performance in Part 4 of competing subjects across treatments and subject groups.

Panel A: Performance in Part 4 of competing subjects across treatmets
Treatment

Subject groups NEUTRAL FEMININE MASCULINE p-value

Cismen 9.500 10.321 9.312 0.765
Ciswomen 8.391 8.947 9.053 0.763
Transmen 9.000 8.211 8.474 0.839
Transwomen 9.429 8.333 9.167 0.670

Panel B: Performance in Part 4 of competing subjects across subject gops
Subject groups

Treatment Cismen Ciswomen Transmen Transwomen p-value
NEUTRAL 9.500 8.391 9.000 9.429 0.705
FEMININE 10.321  8.947 8.211 8.333 0.389
MASCULINE 9.312 9.053 8.474 9.167 0.923

Panel C: Performance in Part 4 of competing subjects across groups thin

NEUTRAL
Group 1 Group 2

Subjects Subjects p-value

Case 1 Cisgender 8.933 Transgender 9.176 0.651
Case 2 Cismen 9.500 Ciswomen 8.391 0.278
Case 3 Transmen 9.000 Transwomen 9.429 0.860
Case 4 Female 8.674 Male 9.472 0.358
Case 5 Feminine 8.784 Masculine 9.262 0.475

Panel D: Performance in Part 4 of competing subjects in NEUTRAL compred
to the other treatments

NEUTRAL FEMININE MASCULINE

Subject groups p-value p-value
Cismen 9.500 10.321 0.556 9.312 0.965
Ciswomen 8.391 8.947 0.638 9.053 0.494
Transmen 9.000 8.211 0.563 8.474 0.671
Transwomen 9.429 8.333 0.360 9.167 0.797

Note: The column p-value reports the results of the tests performed column-wise. For
continuous variables, we conducted Mann-Whitney U tests for two group and Kruskal-

Wallis tests for more than two groups.
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Table C.10. Performance in Part 4 of non-competing subjects across treatments and subject

groups.

Panel A: Performance in Part 4 of non-competing subjects across t@ments
Treatment

Subject groups NEUTRAL FEMININE MASCULINE p-value

Cismen 8.960 9.093 9.026 0.994
Ciswomen 7.979 9.098 8.725 0.341
Transmen 8.712 8.453 8.288 0.825
Transwomen 8.800 8.906 9.500 0.703

Panel B: Performance in Part 4 of non-competing subjects across subgt groups
Subject groups

Treatment Cismen Ciswomen Transmen Transwomen p-value
NEUTRAL 8.960 7.979 8.712 8.800 0.577
FEMININE 9.093 9.098 8.453 8.906 0.929
MASCULINE 9.026 8.725 8.288 9.500 0.376

Panel C: Performance in Part 4 of non-competing subjects across grqas within

NEUTRAL
Group 1 Group 2

Subjects Subjects p-value

Case 1 Cisgender 8.480 Transgender 8.744 0.874
Case 2 Cismen 8.960 Ciswomen 7.979 0.159
Case 3 Transmen 8.712 Transwomen 8.800 0.977
Case 4 Female 8.360 Male 8.900 0.292
Case 5 Feminine 8.295 Masculine 8.833 0.309

Panel D: Performance in Part 4 of non-competing subjects in NEUTRAL
compared to the other treatments

NEUTRAL FEMININE MASCULINE
Subject groups p-value p-value
Cismen 8.960 9.093 0.914 9.026 0.960
Ciswomen 7.979 9.098 0.135 8.725 0.529
Transmen 8.712 8.453 0.921 8.288 0.606
Transwomen 8.800 8.906 0.843 9.500 0.445

Note: The column p-value reports the results of the tests performed column-wise. For
continuous variables, we conducted Mann-Whitney U tests for two group and Kruskal-
Wallis tests for more than two groups.
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C.4 Beliefs (Part 3)

C.4.1 Non-parametric tests

Table C.11. Beliefs in Part 3 across treatments and subject groups.

Panel A: Beliefs in Part 3 across treatments

Treatment
Subject groups NEUTRAL FEMININE MASCULINE p-value
Cismen 2.139 1.944 2.070 0.391
Ciswomen 2.606 2.500 2.571 0.793
Transmen 2.542 2.653 2.704 0.633
Transwomen 2.205 2.440 2.304 0.396

Panel B: Beliefs in Part 3 across subject groups
Subject groups

Treatment Cismen

Ciswomen Transmen Transwomen p-value

NEUTRAL 2.139
FEMININE 1.944
MASCULINE 2.070

2.606 2.542 2.205
2.500 2.653 2.440
2.571 2.704 2.304

0.006
<0.001
<0.001

Panel C: Beliefs in Part 3 across groups within NEUTRAL

e

03

Group 1 Group 2
Subjects Subjects p-valu
Case 1 Cisgender 2.371 Transgender 2.414 0.746
Case 2 Cismen 2.139 Ciswomen 2.606 0.0
Case 3 Transmen 2.542 Transwomen 2.205 0.061
Case 4 Female 2.573 Male 2.164 0.001
Case 5 Feminine 2.452 Masculine 2.340 0.362

Panel D: Beliefs in Part 3 in NEUTRAL compared to the other treatments

NEUTRAL FEMININE MASCULINE
Subject groups p-value p-value
Cismen 2.139 1.944 0.177 2.070 0.567
Ciswomen 2.606 2.500 0.496 2571 0.772
Transmen 2.542 2.653 0.529 2.704 0.354
Transwomen 2.205 2.440 0.178 2.304 0.537

Note: The column p-value reports the results of the tests performed column-wise. For
continuous variables, we conducted Mann-Whitney U tests for two groys and Kruskal-
Wallis tests for more than two groups.
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C.4.2 Regressions

Table C.12. OLS regression for NEUTRAL. Dependent variable: Beliefs in Part 3.
(1) (2 (3)
Ciswomen 0.467 ** 0.586 ** 0.494 **
(0.155)  (0.176)  (0.156)
Transmen 0.403 * 0.511 * -0.155
(0.159)  (0.180) (0.322)
Transwomen 0.066 0.194 -0.551
(0.172)  (0.173)  (0.324)
Age 0.000
(0.009)
Height 0.005
(0.006)
Student status -0.169
(0.136)
Income: < 20,000 GBP -0.077
(0.135)
Religion: Religious 0.243
(0.135)
Religion: Not say 0.460
(0.313)
Residence: US -0.080
(0.152)
Residence: UK 0.097
(0.170)
Residence: Other -0.408 *
(0.202)
TCS -0.253 **
(0.093)
STT 0.020
(0.022)
Const. 2.139 *** 1,226 3.242 ***
(0.105)  (1.195) (0.436)
N 259 259 259
Adj. R2 0.035 0.057 0.057
Ho: Sex 0.001 0.001 0.000
Ho: Gender 0.587 0.259 0.682

Note: The beliefs in Part 3 are the participants' belief about how
their performance ranks within the group (1 = best to 4 = worst).
Standard errors in parentheses are heteroskedasticity robust. In the
second last column from the right, the baseline is a non-student, non-
religious cisman, who earns more than 20K GBP, and lives in con-
tinental Europe. In the last column from the right, the baseline is
a cisman. *** p < 0.001; ** p<0.01; * p<0.05. Hp: Sex reports
the p-values of a joint coe cient test comparing Male (Cismen and
Transwomen) with Female (Ciswomen and Transmen). Ho: Gender
reports the p-values of a joint coe cient test comparing Masculine
(Cismen and Transmen) with Feminine (Ciswomen and Transwomen).
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Table C.13. OLS regression for all treatments. Dependent variable: Beliefs in Par3.

@) @) ®)

Ciswomen 0.467 ** 0.444 ** (0.484 **
(0.155) (0.162) (0.155)
Transmen 0.403 * 0.405 * 0.093
(0.159) (0.164) (0.229)
Transwomen 0.066 0.080 -0.291
(0.172) (0.174) (0.234)
Treatment: FEMININE -0.195 -0.187 -0.184
(0.149) (0.146) (0.148)
Treatment: MASCULINE -0.068 -0.045 -0.067
(0.151) (0.148) (0.150)
FEMININE x Ciswomen 0.090 0.094 0.065
(0.218) (0.216) (0.217)
MASCULINE x Ciswomen 0.034 0.034 0.013
(0.220) (0.215) (0.219)
FEMININE x Transmen 0.306 0.309 0.273
(0.218) (0.216) (0.215)
MASCULINE x Transmen 0.231 0.210 0.222
(0.222) (0.220) (0.219)
FEMININE x Transwomen 0.431 0.421 0.434
(0.239) (0.238) (0.236)
MASCULINE x Transwomen 0.168 0.145 0.166
(0.242) (0.242) (0.241)
Const. 2.139 *** 2 BAT7 *** 2 860 ***
(0.105) (0.693) (0.250)
Controls (Age, Height, Student status, Income, Religion, Residence) Yes
Controls (TCS, STT) Yes
N 780 780 780
Adj. R2 0.055 0.074 0.067
Ho: FEMININE on Cismen 0.192 0.201 0.213
Ho: MASCULINE on Cismen 0.651 0.762 0.654
Ho: FEMININE on Ciswomen 0.504 0.553 0.454
Ho: MASCULINE on Ciswomen 0.830 0.943 0.736
Ho: FEMININE on Transmen 0.483 0.443 0.568
Ho: MASCULINE on Transmen 0.317 0.309 0.331
Ho: FEMININE on Transwomen 0.207 0.211 0.178
Ho: MASCULINE on Transwomen 0.597 0.601 0.599

Note: The beliefs in Part 3 are the participants' belief about how their performanc e ranks within the group (1 = best to
4 = worst). Standard errors in parentheses are heteroskedasticity robust. In the se cond last column from the right, the
baseline is a non-student, non-religious cisman, who earns more than 20K GBP, and lives in continental Europe. In the last
column from the right, the baseline is a cisman. *** p < 0.001; ** p < 0.01; * p < 0.05. Rows starting with Hg report the
p-values of a joint coe cient test that the coe cients' sum equals 0.  For example, Ho: FEMININE on Ciswomen tests
the e ect of the treatment (FEMININE) on the subject group (Ciswomen).
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C.5 Competitiveness (Part 4)

C.5.1 Bar graphs

Figure C.2. Tournament entry rates in Part 4 by treatments and gender (n = 780).

Note: The bars show the percentage of participants (between 0 and 100) who chose 6 compete rather than
to perform under piece rate incentives. The error bars represent the standard error of the mean.

Figure C.3. Tournament entry rates in Part 4 by treatments and sex (n = 780).

Note: The bars show the percentage of participants (between 0 and 100) who chose b compete rather than
to perform under piece rate incentives. The error bars represent the standard error of the mean.
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C.5.2 Non-parametric tests

Table C.14. Tournament entry rates across treatments and subject groups.

Panel A: Competitiveness across treatments

Treatment
Subject groups NEUTRAL FEMININE MASCULINE p-value
Cismen 30.6% 39.4% 45.1% 0.198
Ciswomen 32.4% 27.1% 27.1% 0.729
Transmen 27.8% 26.4% 26.8% 0.981
Transwomen 31.8% 36.0% 26.1% 0.578

Panel B: Competitiveness across subject groups

Subject groups
Treatment Cismen Ciswomen Transmen Transwomen p-value
NEUTRAL 30.6%  32.4% 27.8% 31.8% 0.939
FEMININE 39.4% 27.1% 26.4% 36.0% 0.264
MASCULINE 45.1%  27.1% 26.8% 26.1% 0.046

Panel C: Competitiveness across groups within NEUTRAL

Group 1 Group 2
Subjects Subjects p-value
Case 1 Cisgender 31.5% Transgender 29.3% 0.708
Case 2 Cismen 30.6% Ciswomen 32.4% 0.813
Case 3 Transmen 27.8% Transwomen 31.8% 0.643
Case 4 Female 30.1% Male 31.0% 0.867
Case 5 Feminine 32.2% Masculine 29.2% 0.601

Panel D: Competitiveness in NEUTRAL compared to the other treatments

NEUTRAL FEMININE MASCULINE

Subject groups p-value p-value
Cismen 30.6% 39.4% 0.265 45.1% 0.073
Ciswomen 32.4% 27.1% 0.495 27.1% 0.495
Transmen 27.8% 26.4% 0.851 26.8% 0.891
Transwomen 31.8% 36.0% 0.669 26.1% 0.549

Note: The column p-value reports the results of ? tests performed column-wise.
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C.5.3 Regressions

Table C.15. Probit regression for NEUTRAL. Dependent variable: Competition.
(1) (2 (3 4 (5)
Ciswomen 0.052 0.173 0.281 0.360 0.268
(0.220) (0.231)  (0.254)  (0.297)  (0.254)
Transmen -0.081 0.013 0.106 0.114 0.516
(0.223) (0.231)  (0.239)  (0.292)  (0.462)
Transwomen 0.036 0.108 0.084 -0.076 0.478
(0.252) (0.261) (0.265) (0.306) (0.472)
Perf. tournament 0.003 -0.064 * -0.054 -0.064 *
(0.025)  (0.029)  (0.030)  (0.029)
Delta perf. 0.122 *** 0.096 *  0.103*  0.095 *
(0.035) (0.039) (0.038) (0.040)
Belief tournament -0.522 *** -0.516 *** -0.518 ***
(0.123)  (0.127)  (0.124)
Risk 0.124 0.137 0.130
(0.074)  (0.077)  (0.074)
Age 0.026 *
(0.012)
Height 0.007
(0.010)
Student status -0.073
(0.209)
Income: < 20,000 GBP 0.442
(0.232)
Religion: Religious 0.081
(0.207)
Religion: Not say 0.268
(0.485)
Residence: US 0.159
(0.254)
Residence: UK 0.421
(0.270)
Residence: Other 0.564
(0.391)
TCS 0.094
(0.139)
STT -0.033
(0.033)
Const. -0.508 ** -0.670 * 0.823 -1.618 0.419
(0.156) (0.272) (0.468) (2.000) (0.789)
N 259 259 259 259 259
Pseudo R2 (McFadden) 0.001 0.059 0.129 0.168 0.132
Ho: Sex 0.846 0.823 0.415 0.214 0.420
Ho: Gender 0.614 0.437 0.470 0.656 0.527

Note: Competition is a binary variable equal to 1 if the participant enters the t ournament in
Part 4 and 0 otherwise. Delta perf. is the di erence in performance between Part 3 (tournament)
and Part 2 (piece-rate). Belief tournament is the participants' belief of their performance rank
within their group in Part 3, where the value 1 represents the rank with the highest
Standard errors in parentheses are heteroskedasticity robust. In the second last @lumn from the
right, the baseline is a non-student, non-religious cisman, who earns more than 20K GBP, and
lives in continental Europe. In the last column from the right, the baseline is a cisman. *** p <
0.001; ** p < 0.01; * p<0.05. Ho: Sex reports the p-values of a joint coe cient test comparing
Male (Cismen and Transwomen) with Female (Ciswomen and Transmen). Ho: Gender reports the
p-values of a joint coe cient test comparing Masculine (Cismen and Transm en) with Feminine
(Ciswomen and Transwomen).
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Table C.16. Probit regression for all treatments. Dependent variable: Competiton.

(1) (2 (3 4 (5)
Ciswomen 0.052 0.167 0.307 0.461 0.280
(0.220)  (0.229) (0.255) (0.270) (0.255)
Transmen -0.081 0.008 0.127 0.189 0.634
(0.223)  (0.230) (0.241) (0.270) (0.343)
Transwomen 0.036 0.122 0.078 0.079 0.635
(0.252) (0.262) (0.272) (0.287) (0.359)
Treatment: FEMININE 0.241 0.187 0.129 0.167 0.104
(0.218) (0.223) (0.227) (0.241) (0.231)
Treatment: MASCULINE 0.385 0.473 * 0.428 0.544 * 0.423
(0.217)  (0.225) (0.232) (0.246) (0.234)
FEMININE x Ciswomen -0.392 -0.339 -0.318 -0.383 -0.285
(0.313) (0.329) (0.360) (0.365) (0.360)
MASCULINE x Ciswomen -0.536 -0.678*  -0.645 -0.755*  -0.614
(0.312) (0.323) (0.342) (0.348) (0.343)
FEMININE x Transmen -0.282 -0.201 -0.107 -0.112 -0.052
(0.313) (0.325) (0.329) (0.340) (0.333)
MASCULINE x Transmen -0.415 -0.543 -0.405 -0.475 -0.369
(0.313) (0.319) (0.327) (0.341) (0.333)
FEMININE x Transwomen -0.126 -0.018 0.187 0.131 0.150
(0.347) (0.352) (0.357) (0.366) (0.360)
MASCULINE x Transwomen -0.552 -0.690 -0.573 -0.651 -0.583
(0.356) (0.366) (0.377) (0.393) (0.379)
Perf. tournament -0.008 -0.067 *** -0.066 *** -0.066 ***
(0.014) (0.016) (0.016) (0.016)
Delta perf. 0.136 *** (0.108 *** 0.114 *** (0.110 ***
(0.020) (0.021) (0.022) (0.021)
Belief tournament -0.561 *** -0.557 *** -0.543 ***
(0.071) (0.072) (0.071)
Risk 0.150 *** 0.153 *** (.153 ***
(0.045) (0.046) (0.045)
Const. -0.508 ** -0.587 **  0.865** -1.757 -0.072
(0.156)  (0.200) (0.310) (1.255) (0.480)
Controls (Age, Height, Student status, Income, Religion, Residence) Yes
Controls (TCS, STT) Yes
N 780 780 780 780 780
Pseudo R2 (McFadden) 0.013 0.082 0.161 0.178 0.167
Ho: FEMININE on Cismen 0.266 0.402 0.579 0.478 0.656
Ho: MASCULINE on Cismen 0.074 0.034 0.063 0.021 0.068
Ho: FEMININE on Ciswomen 0.495 0.508 0.432 0.374 0.452
Ho: MASCULINE on Ciswomen 0.495 0.374 0.368 0.387 0.426
Ho: FEMININE on Transmen 0.851 0.953 0.928 0.821 0.832
Ho: MASCULINE on Transmen 0.891 0.761 0.922 0.779 0.828
Ho: FEMININE on Transwomen 0.669 0.541 0.274 0.310 0.386
Ho: MASCULINE on Transwomen 0.549 0.449 0.627 0.724 0.591

Note: Competition is a binary variable equal to 1 if the participant enters the t ournament in Part 4 and O otherwise. Delta perf. is the di erence in
performance between Part 3 (tournament) and Part 2 (piece-rate). Belief to urnament is the participants' belief of their performance rank within their
group in Part 3, where the value 1 represents the rank with the highest performance . Standard errors in parentheses are heteroskedasticity robust. In
the second last column from the right, the baseline is a non-student, non-religi ous cisman, who earns more than 20K GBP, and lives in continental
Europe. In the last column from the right, the baseline is a cisman. *** p < 0.001; ** p < 0.01; * p < 0.05. Rows starting with Ho report the p-values
of a joint coe cient test that the coe cients' sum equals 0. For exa mple, Ho: FEMININE on Ciswomen tests the e ect of the treatment (FEMININE)

on the subject group (Ciswomen).
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C.6 Payos (Part 4)

C.6.1 Regressions

Table C.17. OLS regression for NEUTRAL. Dependent variable: Payo in Part 4.
) 2 3
Ciswomen -0.156 1.315 -0.267
(1.183) (1.326) (1.177)
Transmen 0.951 2.316 3.377
(1.256) (1.358)  (2.170)
Transwomen -1.071 -0.560 1.571
(1.244)  (1.278) (2.215)
Age -0.040
(0.047)
Height 0.113 **
(0.041)
Student status 3.479 **+*
(1.017)
Income: < 20,000 GBP 0.402
(0.922)
Religion: Religious -2.336 *
(0.953)
Religion: Not say -3.673 **
(1.247)
Residence: US 1.421
(1.212)
Residence: UK 1.468
(1.176)
Residence: Other -1.269
(1.576)
TCS 1.036
(0.634)
STT -0.099
(0.153)
Const. 5.389 *** -15.505 * 0.895
(0.851) (7.668)  (2.853)
N 259 259 259
Adj. R2 -0.003 0.073 -0.002
Ho: Sex 0.289 0.056 0.366
Ho: Gender 0.215 0.381 0.234

Note: Standard errors in parentheses are heteroskedasticity robust.
In the second last column from the right, the baseline is a non-student,

non-religious cisman, who earns more than 20K GBP, and lives in

continental Europe. In the last column from the right, the baseline
is a cisman. *** p < 0.001; ** p<0.01; * p<0.05. Hg: Sex reports
the p-values of a joint coe cient test comparing Male (Cismen and

Transwomen) with Female (Ciswomen and Transmen). Ho: Gender

reports the p-values of a joint coe cient test comparing Masculine

(Cismen and Transmen) with Feminine (Ciswomen and Transwomen).
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Table C.18. OLS regression for all treatments. Dependent variable: Payo in Part 4.

@) 2 ®)

Ciswomen -0.156 0.922 -0.225
(1.183)  (1.245) (1.178)
Transmen 0.951 1.785 1.993
(1.256) (1.279) (1.614)
Transwomen -1.071 -0.976 0.193
(1.244)  (1.250) (1.643)
Treatment: FEMININE 2.660 2.622 2.632
(1.516)  (1.483) (1.525)
Treatment: MASCULINE 0.442 0.354 0.435
(1.331)  (1.343) (1.328)
FEMININE x Ciswomen -2.293 -2.286  -2.207
(1.925)  (1.892) (1.931)
MASCULINE x Ciswomen -1.096 -1.243  -1.003
(1.700)  (1.717) (1.692)
FEMININE x Transmen -4501* -4.672* -4.383*
(1.905)  (1.868) (1.909)
MASCULINE x Transmen -0.818 -0.744 -0.781
(1.859) (1.850) (1.849)
FEMININE x Transwomen -1.689 -1.536 -1.664
(2.111)  (2.116) (2.108)
MASCULINE x Transwomen -0.075 -0.088 -0.054
(1.813)  (1.770) (1.827)
Const. 5.389 *** -8.821 2.454
(0.851) (5.310) (1.658)
Controls (Age, Height, Student status, Income, Religion, Residence) Yes
Controls (TCS, STT) Yes
N 780 780 780
Adj. R2 0.003 0.034 0.005
Ho: FEMININE on Cismen 0.080 0.077 0.085
Ho: MASCULINE on Cismen 0.740 0.792 0.743
Ho: FEMININE on Ciswomen 0.757 0.773 0.719
Ho: MASCULINE on Ciswomen 0.536 0.411 0.589
Ho: FEMININE on Transmen 0.111 0.070 0.129
Ho: MASCULINE on Transmen 0.772 0.760 0.788
Ho: FEMININE on Transwomen 0.509 0.472 0.514
Ho: MASCULINE on Transwomen 0.766 0.822 0.762

Note: Standard errors in parentheses are heteroskedasticity robust. In the second lastcolumn from the right, the baseline
is a non-student, non-religious cisman, who earns more than 20K GBP, and lives in continental Europe. In the last
column from the right, the baseline is a cisman. *** p < 0.001; ** p < 0.01; * p < 0.05. Rows starting with H report
the p-values of a joint coe cient test that the coe cients' sum equals 0.  For example, Ho: FEMININE on Ciswomen
tests the e ect of the treatment (FEMININE) on the subject group (Ciswome n).
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C.7 Risk (Part 5)

C.7.1 Bar graphs

Figure C.4. Investment into the risky lottery in Part 5 by treatments and gender (n = 780).

Note: The bars show the average investment rate, and the error bars represent the standard error of the
mean.

Figure C.5. Investment into the risky lottery in Part 5 by treatments and sex ( n = 780).

Note: The bars show the average investment rate, and the error bars represent the standard error of the
mean.
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C.7.2 Non-parametric tests

Table C.19. Investment into the risky lottery across treatments and subject groups.

Panel A: Risk across treatments
Treatment

Subject groups NEUTRAL FEMININE MASCULINE p-value

Cismen 1.814 2.021 2.208 0.119
Ciswomen 1.690 1.852 1.972 0.446
Transmen 1.673 1.816 1.655 0.660
Transwomen 2.244 1.840 2.227 0.357

Panel B: Risk across subject groups
Subject groups

Treatment Cismen Ciswomen Transmen Transwomen p-value
NEUTRAL 1.814 1.690 1.673 2.244 0.194
FEMININE 2.021 1.852 1.816 1.840 0.715
MASCULINE 2.208 1.972 1.655 2.227 0.030

Panel C: Risk across groups within NEUTRAL
Group 1 Group 2

Subjects Subjects p-value

Case 1 Cisgender 1.753 Transgender 1.890 0.461
Case 2 Cismen 1.814 Ciswomen 1.690 0.704
Case 3 Transmen 1.673 Transwomen 2.244 0.048
Case 4 Female 1.681 Male 1.977 0.130
Case 5 Feminine 1.902 Masculine 1.743 0.355

Panel D: Risk in NEUTRAL compared to the other treatments
NEUTRAL FEMININE MASCULINE

Subject groups p-value p-value
Cismen 1.814 2.021 0.262 2.208 0.038
Ciswomen 1.690 1.852 0.550 1.972 0.208
Transmen 1.673 1.816 0.479 1.655 0.881
Transwomen 2.244 1.840 0.206 2.227 0.927

Note: The column p-value reports the results of the tests performed colum-wise. For
continuous variables, we conducted Mann-Whitney U tests for two grou and Kruskal-
Wallis tests for more than two groups.
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C.7.3 Regressions

Table C.20. OLS regression for NEUTRAL. Dependent variable: Risk.

1) &) ®3)
Ciswomen -0.124 -0.164  -0.109
(0.179)  (0.218) (0.177)
Transmen -0.141 -0.221  -0.295
(0.177)  (0.212) (0.396)
Transwomen 0.430 0.316 0.216
(0.245)  (0.258) (0.412)
Age -0.008
(0.010)
Height -0.001
(0.008)
Student status 0.064
(0.161)
Income: < 20,000 GBP -0.125
(0.162)
Religion: Religious -0.045
(0.160)
Religion: Not say -0.502
(0.414)
Residence: US 0.052
(0.202)
Residence: UK 0.145
(0.194)
Residence: Other 0.618 *
(0.309)
TCS -0.143
(0.105)
STT -0.009
(0.029)
Const. 1.814 *** 2.273  2.463 ***
(0.133)  (1.565) (0.499)
N 259 259 259
Adj. R2 0.022 0.018 0.024
Ho: Sex 0.020 0.042 0.037
Ho: Gender 0.132 0.228 0.183

Note: Standard errors in parentheses are heteroskedasticity robust.

In the second last column from the right, the baseline is a non-

student, non-religious cisman, who earns more than 20K GBP, and

lives in continental Europe. In the last column from the right, the
baseline is a cisman. *** p < 0.001; ** p < 0.01; * p<0.05. Ho:
Sex reports the p-values of a joint coe cient test comparing Male

(Cismen and Transwomen) with Female (Ciswomen and Transmen).

Ho: Gender reports the p-values of a joint coe cient test comparing

Masculine (Cismen and Transmen) with Feminine (Ciswomen and

Transwomen).
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Table C.21. OLS regression for all treatments. Dependent variable: Risk.

@) &) 3

Ciswomen -0.124 -0.123  -0.124
(0.179)  (0.195) (0.179)
Transmen -0.141 -0.154  -0.273
(0.177)  (0.189) (0.286)
Transwomen 0.430 0.387 0.325
(0.245)  (0.248) (0.324)
Treatment: FEMININE 0.207 0.210 0.218
(0.192) (0.193) (0.192)
Treatment: MASCULINE 0.394* 0.386* 0.393*
(0.191) (0.193) (0.191)
FEMININE x Ciswomen -0.045 -0.048 -0.052
(0.263)  (0.263) (0.263)
MASCULINE x Ciswomen -0.112 -0.118 -0.106
(0.256)  (0.259) (0.255)
FEMININE x Transmen -0.064 -0.074  -0.073
(0.255)  (0.257) (0.255)
MASCULINE x Transmen -0.412 -0.409 -0.410
(0.252)  (0.253) (0.252)
FEMININE x Transwomen -0.611 -0.593  -0.585
(0.319) (0.320) (0.322)
MASCULINE x Transwomen -0.412 -0.380 -0.403
(0.348) (0.350) (0.349)
Const. 1.814 ¥+ 1605 1.762 ***
(0.133)  (0.913) (0.308)
Controls (Age, Height, Student status, Income, Religion, Residence) Yes
Controls (TCS, STT) Yes
N 780 780 780
Adj. R2 0.018 0.013 0.017
Ho: FEMININE on Cismen 0.282 0.278 0.257
Ho: MASCULINE on Cismen 0.039 0.046 0.040
Ho: FEMININE on Ciswomen 0.368 0.370 0.356
Ho: MASCULINE on Ciswomen 0.097 0.125 0.092
Ho: FEMININE on Transmen 0.395 0.426 0.388
Ho: MASCULINE on Transmen 0.915 0.889 0.918
Ho: FEMININE on Transwomen 0.113 0.132 0.156
Ho: MASCULINE on Transwomen 0.951 0.984 0.975

Note: Standard errors in parentheses are heteroskedasticity robust. In the second last column from the right, the baseline
is a non-student, non-religious cisman, who earns more than 20K GBP, and lives in continental Europe. In the last column
from the right, the baseline is a cisman. *** p < 0.001; ** p < 0.01; * p <0.05. Rows starting with Ho report the p-values
of a joint coe cient test that the coe cients' sum equals 0. For exa mple, Ho: FEMININE on Ciswomen tests the e ect
of the treatment (FEMININE) on the subject group (Ciswomen).
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C.8 Altruism (Part 6)

C.8.1 Bar graphs

Figure C.6. Donation in Part 6 by treatments and gender (n = 780).

Note: The average donations are indicated by the bars and the error bars represent the standard error of
the mean.

Figure C.7. Donation in Part 6 by treatments and sex (n = 780).

Note: The average donations are indicated by the bars and the error bars represent the standard error of
the mean.
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C.8.2 Non-parametric tests

Table C.22. Donations across treatments and subject groups.

Panel A: Donations across treatments
Treatment

Subject groups NEUTRAL FEMININE MASCULINE p-value

Cismen 2.685 2.265 2.423 0.582
Ciswomen 2.803 3.161 2.864 0.478
Transmen 2.762 2.822 2.792 0.999
Transwomen 2.615 2.556 2.525 0.999

Panel B: Donations across subject groups
Subject groups

Treatment Cismen Ciswomen Transmen Transwomen p-value
NEUTRAL 2.685 2.803 2.762 2.615 0.933
FEMININE 2.265 3.161 2.822 2.556 0.073
MASCULINE 2.423 2.864 2.792 2.525 0.540

Panel C: Donations across groups within NEUTRAL
Group 1 Group 2

Subjects Subjects p-value

Case 1 Cisgender 2.743 Transgender 2.706 0.871
Case 2 Cismen 2.685 Ciswomen 2.803 0.759
Case 3 Transmen 2.762 Transwomen 2.615 0.583
Case 4 Female 2.782 Male 2.658 0.564
Case 5 Feminine 2.731 Masculine 2.723 0.914

Panel D: Donations in NEUTRAL compared to the other treatments

NEUTRAL FEMININE MASCULINE
Subject groups p-value p-value
Cismen 2.685 2.265 0.322 2423 0.454
Ciswomen 2.803 3.161 0.260 2.864 0.863
Transmen 2.762 2.822 0.982 2.792 0.977
Transwomen 2.615 2.556 0.948 2.525 0.987

Note: The column p-value reports the results of the tests performed column-wise. For
continuous variables, we conducted Mann-Whitney U tests for two grou and Kruskal-
Wallis tests for more than two groups.
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C.8.3 Regressions

Table C.23. OLS regression for NEUTRAL. Dependent variable: Donations.

@ ) ®)

Ciswomen 0.118 0.188 0.128
(0.335)  (0.403) (0.337)
Transmen 0.077 0.239 -0.162
(0.343) (0.387) (0.646)
Transwomen -0.070 0.103 -0.324
(0.378)  (0.409) (0.647)
Age 0.040 *
(0.016)
Height 0.002
(0.013)
Student status 0.713 **
(0.274)
Income: < 20,000 GBP 0.025
(0.279)
Religion: Religious 0.800 **
(0.274)
Religion: Not say 0.701
(0.736)
Residence: US -0.789 *
(0.324)
Residence: UK -0.470
(0.335)
Residence: Other -0.391
(0.538)
TCS -0.091
(0.199)
STT 0.012
(0.046)
Const. 2.685 *** 1123  3.077 ***
(0.244)  (2.413) (0.909)
N 259 259 259
Adj. R2 -0.011 0.044 -0.018
Ho: Sex 0.600 0.600 0.580
Ho: Gender 0.955 0.920 0.948

Note: Standard errors in parentheses are heteroskedasticity robust. In
the second last column from the right, the baseline is a non-student,
non-religious cisman, who earns more than 20K GBP, and lives in
continental Europe. In the last column from the right, the baseline is
a cisman. *** p < 0.001; ** p<0.01; * p<0.05. Ho: Sex reports
the p-values of a joint coe cient test comparing Male (Cismen and
Transwomen) with Female (Ciswomen and Transmen). Ho: Gender
reports the p-values of a joint coe cient test comparing Masculine
(Cismen and Transmen) with Feminine (Ciswomen and Transwomen).
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Table C.24. OLS regression for all treatments. Dependent variable: Donations.

) @) (©)

Ciswomen 0.118 0.175 0.128
(0.335)  (0.358) (0.336)
Transmen 0.077 0.208 -0.036
(0.343)  (0.351) (0.465)
Transwomen -0.070 -0.004 -0.222
(0.378)  (0.386) (0.477)
Treatment: FEMININE -0.420 -0.377 -0.419
(0.338)  (0.343) (0.338)
Treatment: MASCULINE -0.262 -0.229 -0.261
(0.340)  (0.346) (0.340)
FEMININE x Ciswomen 0.778 0.745 0.767
(0.468)  (0.471) (0.469)
MASCULINE x Ciswomen 0.323 0.355 0.308
(0.468)  (0.470) (0.468)
FEMININE x Transmen 0.480 0.410 0.465
(0.468)  (0.458) (0.468)
MASCULINE x Transmen 0.292 0.270 0.287
(0.474)  (0.466) (0.474)
FEMININE x Transwomen 0.361 0.444 0.350
(0.530) (0.533) (0.529)
MASCULINE x Transwomen 0.172 0.191 0.166
(0.543)  (0.547) (0.545)
Const. 2.685 *** 1,806 3.117 ***
(0.244)  (1.435) (0.516)
Controls (Age, Height, Student status, Income, Religion, Residence) Yes
Controls (TCS, STT) Yes
N 780 780 780
Adj. R2 -0.000 0.023 -0.002
Ho: FEMININE on Cismen 0.214 0.272 0.216
Ho: MASCULINE on Cismen 0.441 0.509 0.444
Ho: FEMININE on Ciswomen 0.270 0.256 0.282
Ho: MASCULINE on Ciswomen 0.848 0.693 0.882
Ho: FEMININE on Transmen 0.854 0.914 0.886
Ho: MASCULINE on Transmen 0.926 0.895 0.937
Ho: FEMININE on Transwomen 0.885 0.870 0.867
Ho: MASCULINE on Transwomen 0.832 0.930 0.825

Note: Standard errors in parentheses are heteroskedasticity robust. In the second last column from the right, the baseline
is a non-student, non-religious cisman, who earns more than 20K GBP, and lives in continental Europe. In the last
column from the right, the baseline is a cisman. *** p < 0.001; ** p < 0.01; * p < 0.05. Rows starting with H report
the p-values of a joint coe cient test that the coe cients' sum equals 0.  For example, Ho: FEMININE on Ciswomen
tests the e ect of the treatment (FEMININE) on the subject group (Ciswome n).
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C.9 Continuous gender measure (BEM)

C.9.1 Competitiveness

Table C.25. Probit regression for NEUTRAL. Dependent variable: Competition. Gender is
measured on a continuous scale.

) @) ®) 4) ®)

BEM score: Feminine 0.010 0.014 0.016 0.017 0.016
(0.011) (0.011) (0.012) (0.013) (0.012)
BEM score: Masculine  0.022 0.019 0.015 0.016 0.015
(0.012) (0.012) (0.012) (0.013) (0.013)
Perf. tournament 0.004 -0.064 * -0.057 -0.063 *
(0.024) (0.028) (0.029) (0.029)
Delta perf. 0.121 *=* 0.097 * 0.108 *  0.097 *
(0.034) (0.038) (0.038) (0.039)
Belief tournament -0.500 *** -0.484 *** -0.501 ***
(0.123) (0.126) (0.122)
Risk 0.129 0.131 0.129
(0.077) (0.079) (0.077)
Age 0.023
(0.012)
Height -0.000
(0.009)
Student status -0.114
(0.204)
Income: < 20,000 GBP 0.464 *
(0.231)
Religion: Religious -0.001
(0.212)
Religion: Not say 0.227
(0.471)
Residence: US 0.094
(0.255)
Residence: UK 0.391
(0.260)
Residence: Other 0.495
(0.380)
TCS -0.012
(0.096)
STT -0.011
(0.022)
Const. -1.677 ** -1.847 ** -0.315 -1.493 -0.224
(0.585) (0.651) (0.803) (1.759) (0.889)
N 259 259 259 259 259
Pseudo R2 (McFadden) 0.018 0.074 0.139 0.175 0.140

Note: Competition is a binary variable equal to 1 if the participant enters the t ournament in Part 4
and 0 otherwise. Delta perf. is the di erence in performance between Part 3 (to urnament) and Part
2 (piece-rate). Belief tournament is the participants' belief of their performance rank within their
group in Part 3, where the value 1 represents the rank with the highest performance. Standard
errors in parentheses are heteroskedasticity robust. In the second last column from the right, the
baseline is a non-student, non-religious participant, who earns more than 20K GBP, and lives in
continental Europe. *** p < 0.001; ** p < 0.01; * p < 0.05.
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C.9.2 Risk

Table C.26. OLS regression for NEUTRAL. Dependent variable: Risk. Gender is measuon a
continuous scale.

1) (2) 3)
BEM score: Feminine  -0.009 -0.008 -0.009
(0.009) (0.009) (0.009)
BEM score: Masculine  0.006 0.006 0.010
(0.009) (0.010) (0.009)

Age -0.008
(0.009)
Height 0.005
(0.007)
Student status 0.045
(0.160)
Income: < 20,000 GBP -0.091
(0.161)
Religion: Religious -0.067
(0.167)
Religion: Not say -0.518
(0.419)
Residence: US 0.091
(0.204)
Residence: UK 0.167
(0.190)
Residence: Other 0.769 *
(0.302)
TCS -0.173 *
(0.078)
STT -0.019
(0.018)
Const. 2.011 ** 1.262 2577 ***
(0.440) (1.339) (0.568)
N 259 259 259
Adj. R2 -0.002 0.004 0.012

Note: Standard errors in parentheses are heteroskedasticity robust.
In the second last column from the right, the baseline is a hon-student,
non-religious participant, who earns more than 20K GBP, and lives

in continental Europe. *** p < 0.001; ** p <0.01; * p < 0.05.
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C.9.3 Altruism

Table C.27. OLS regression for NEUTRAL. Dependent variable: Donations. Gender is meased
on a continuous scale.

(1) (2) 3)
BEM score: Feminine 0.023 0.018 0.023
(0.015) (0.015) (0.016)
BEM score: Masculine  0.002 -0.014 0.003
(0.016) (0.016) (0.016)

Age 0.040 *
(0.017)
Height -0.002
(0.010)
Student status 0.710 *
(0.278)
Income: < 20,000 GBP 0.051
(0.275)
Religion: Religious 0.797 **
(0.279)
Religion: Not say 0.608
(0.722)
Residence: US -0.831 **
(0.309)
Residence: UK -0.480
(0.330)
Residence: Other -0.401
(0.499)
TCS -0.031
(0.133)
STT -0.002
(0.031)
Const. 1.713* 1.573 1.808
(0.774) (1.963) (0.919)
N 259 259 259
Adj. R2 0.001 0.054 -0.007

Note: Standard errors in parentheses are heteroskedasticity ro-
bust. In the second last column from the right, the baseline is
a non-student, non-religious participant, who earns more than
20K GBP, and lives in continental Europe. *** p < 0.001; ** p
<0.01; * p<0.05.
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C.10 Detailed literature summary

C.10.1 Risk

Risk-taking is considered a fundamental determinant of individual behavior in di erent
domains like health (Anderson and Mellor, 2008; Barsky et al., 1997), stock markepartici-
pation (Almenberg and Dreber, 2015), saving decisions (Sutter et al., 2013)occupational
and self-employment choices (Bonin et al., 2007), personal and householdhance (Bucciol
and Miniaci, 2011; Guiso and Paiella, 2008), education (Von Gaudecker et al., 2011) and
environmental decision-making (Gollier, 2001). The literature reports strong evidence for
women preferring to take less risk compared to men (Charness and Geey, 2012). This
di erence in risk-taking is robust when using di erent experi mental methods to measure
risk like lotteries (Holt and Laury, 2002), investment games (Gneezy and Paters, 1997)
or card games (Czibor et al., 2019). It is also reported for subjects varyingrbm children
(Cardenas et al., 2015), to students (Croson and Gneezy, 2009), to non-studen(Hardies
et al., 2013). Moreover, the di erence is not in uenced by conducting the experiment in
the lab or in other environments like on online platforms (Hardies et al., 2013).

Several studies analyze gender di erences in risk preferencesrfsub-populations of
managers (Adams and Funk, 2012; Atkinson et al., 2003; Croson and Gneezy, 2009) and
nd that females are similar or even less risk-averse than men. Theeasons could be a
selection or social learning and adaptive behavior to the job demands. d disentangle these
di erent factors, Drupp et al. (2020) use an online experiment with scientists. They vary
the salience of either the private or the professional identity of thesubjects. They report
that priming the professional identity reduces the gender gap in rik-taking. Besides, the
gender gap decreases with increasing age as female senior scientistsage riskier options
in the treatment where the profession is made salient.

Also, attempts to explore the connection between biological factors andisk-taking
are taken for the domain of risky behavior. First, studies are explorirg the causal e ect
of hormones on behavior® For example, Zethraeus et al. (2009) test for administered
testosterone or estrogen a ecting women's risk-taking. No e ect of eitrer testosterone
or estrogen on risk-taking could be detected. In line, the study by Bbksem et al. (2013)
and Buskens et al. (2016) nd no e ect of testosterone on risk aversion. Raghill et al.
(2018) take a comparative approach and administer an oral contraceptive or not. Again,
no connection between hormones and behavior is reported. Second, dias test for the
correlation between the variation in risk-taking and genes. On the one hnd, for example,
Anderson et al. (2015) nd no relationship between the dopamine and the sastonin gene
and risk-taking. On the other hand, studies using, for example, the twn methodology and
genome-wide association techniqueGWAS) report genetic foundations for the willingness
to take risk (Cesarini et al., 2009, 2010, 2012). Third, a recent study by Keaveey et al.

33 For our literature review, we summarize only studies that concentrate on pharm acological testosterone
administration with double-blind placebo-controlled designs, which all ows us to interpret results causally.
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(2020) showed that the intake of a small dose of Acetaminophen, a very populgpain Killer,
increases risk-taking.

Several researchers prime subjects and study the e ect on riskaking (Erb et al., 2002;
Gilad and Kliger, 2008; Guiso et al., 2018; Konig-Kersting and Trautmann, 2018; Newel
and Shaw, 2017). The study closest to our research is Benjamin et al. (2010) wih nds
that making the subject's gender salient with a short questionnairedoes not impact risk
preferences. Also, Meier-Pesti and Penz (2008) report an e ect of gendgariming through
questions and stereotypical pictures only on male risk preferencesCohn et al. (2017)
prime nancial professionals with their professional salience, whih leads to a decrease in
risk-taking in a high stakes investment game. With a similar subjed¢ pool, Cohn et al.
(2015) nd that individuals primed with a bust scenario are more risk-averse compared
to those primed with a boom scenario. Alempaki et al. (2019) test the robustess of the
results of Cohn et al. (2015) with an Amazon Mechanical Turk subject pool. The report
no evidence of priming in uencing risk-taking. Callen et al. (2014) primed individuals
who were exposed to violence by asking them to either recall happyearful or neutral
moments. They nd that remembering frightening experiences leads to a higher preference
for certainty.

The only related study we are aware of that investigates the risk-takirg behavior of
LGBTQ+ individuals is Buser et al. (2018a). It analyzes risk preferences by asking the
subjects about their risk perception (survey question). It nds no signi cant di erences
between homosexual and heterosexual men and homosexual and heterosexuanven.

C.10.2 Altruism

To what extend someone is pro-social, i.e., altruistic, is argued to xplain behavior in the
labor market, how individuals vote, if they take up volunteer work or not, and how willing
someone is to give to a charity (Bilén et al., 2021). Altruistic behavior is typically measured
with a dictator game, where participants are asked how much they want totransfer to
an anonymous other participant (Forsythe et al., 1994; Kahneman et al., 1986), or how
much they wish to donate to a charity (Eckel and Grossman, 1996). It is a rolust nding
that participants in experiments transfer quite a substantial part of their endowment
in dictator games, thus act altruisticly (Carpenter et al., 2008). The lit erature reports
mixed ndings on the external validity of those experiments. One strand of the literature
nds that individuals behave in donation experiments similar as in naturally occurring
decision situations on charitable giving (Benz and Meier, 2008; Franzen andPointner,
2013). Other research contradicts these ndings, as recently summared by Galizzi and
Navarro-Martinez (2019).

Concerning the level of altruism exhibited by men and women, a wideange of studies
shows that women are generally more generous in dictator games. See, e.giléB et al.
(2021) for an up-to-date meta-analysis of the existing literature on gender derences in
charitable giving. These authors report that the magnitude of the gender derences
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in altruism is sensible to the experimental context. For example,the di erence is more
prominent if the dictator decides to donate to a charity than giving to an anonymous
recipient. However, the di erence is more minor if the dictator chooses between giving all
or nothing compared to deciding on a continuous scale.

Turning to studies attempting to link hormones to altruism causally, Buskens et al.
(2016) and Zak et al. (2009) found no impact of administered testosterone on dictatrs'
giving. Zethraeus et al. (2009) used another approach and administered testteyone,
estrogen, or a placebo to the experimental participants. Again, no conngion between
either hormone or altruism is reported. Moreover, administering an oal contraceptive
containing synthetic progesterone as the main ingredient suggests noolnmonal impact on
altruism levels. However, there is evidence that the underlyig genes in uence altruism.
See for example Reuter et al. (2011), who used twins for their study.

Multiple studies explore if di erent priming in uences altru istic behavior. For example,
subsequent donations are a ected by religious primes (Ahmed and Salas, 201Bgnjamin
et al., 2016; McKay et al., 2011; Shari and Norenzayan, 2007), by reminding subjds of
secular, moral institutions (Shari and Norenzayan, 2007), and by priming with subtle
cues of observability (Bateson et al., 2006; Haley and Fessler, 2005; Rigdon et a20Q09).
Boschini et al. (2018) report an increased gender gap in altruism when makingender
more salient by requiring participants to specify their gender bdore the dictator game
and informing them about the gender of the recipient. Again, we have foud no published
studies of altruism of LGBTQ+ individuals in economics.

C.11 Additional information

C.11.1 Study sample

We recruited a total of 798 participants. Please note that due to a technc¢al problem on
how the participant's performance was shown to them on their screenwe excluden =3
cisgender andn = 6 transgender observations. We tested with our debrie ng questiomaire
whether the participants had an idea about the aim of the study, the study topic, etc.
Eight cisgender and one transgender participant(s) wrote to think that s/he were primed.
Thesen = 9 observations are also excluded from our analysis. Thus, the nal numler of
subjects by subject groups and treatment is 780 as summarized in Table .@8.

To have comparable transgender and cisgender observations, we rst celtted the major
part of the transgender observations, including their main demographiccharacteristics (age,
student status, education, income, religious a liation, and residence) of the transgender
participants. We then used Proli ¢'s sorting tool to recruit a sim ilar cisgender sample
based on those criteria.
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Table C.28. Distribution of subject groups across treatments.

Treatments

NEUTRAL FEMININE MASCULINE Total

Cismen 72 71 71 214
Ciswomen 71 70 70 211
Transmen 72 72 71 215
Transwomen 44 50 46 140
Total 259 263 258 780

Note: The table summarizes the number of participants of the four
subject groups (cismen, ciswomen, transmen, transwomen) in the
three treatments (NEUTRAL, FEMININE, MASCULINE).

C.11.2 Data sets

gender_data.csv This is the main data set. The le contains n=798 observations and
103 variables. Details on the variables can be found in the second data setqdebook.csv).

codebook.csv  This le provides the details on the variables of the main data set. Eat
row includes the explanations for one of the 103 variables. Additionallythe third column
summarizes the response options the subjects had.

The collected data and additional material is available at OSF usingLink or Online
(20229).

C.11.3 Instructions

The following pages contain screenshots of the online study conductedn the platform

Proli c. Please note that one participant was randomly allocated to just one treatment.
Thus, one participant saw one out of the three di erent treatment pages In addition,

depending on the choice made in Part 4, the system showed one of two opti pages. A
blue headline marks the varying screens. All other pages were idermtal.
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