
Effects of Small Latency Variations in 2D Target Selection Tasks 
Andreas Schmid 

University of Regensburg 
Regensburg, Germany 
andreas.schmid@ur.de 

Isabell Röhr 
University of Regensburg 
Regensburg, Germany 
isabell.roehr@stud.uni-

regensburg.de 

Martina Emmert 
University of Regensburg 
Regensburg, Germany 
martina.emmert@ur.de 

Niels Henze 
University of Tübingen 
Tübingen, Germany 

niels.henze@uni-tuebingen.de 

Raphael Wimmer 
University of Regensburg 
Regensburg, Germany 
raphael.wimmer@ur.de 

Abstract 
Systems’ latency – the time between user input and system response 
– slows down the human-computer interaction loop. Several studies 
revealed negative objective and subjective effects of high latency, 
typically treating latency as a constant delay. Because latency varies 
significantly in practice, recent work also assessed the effects of 
large and sudden latency changes. In practice, however, latency 
variations are small but frequent. As the effects of such variations 
are unclear, we investigate how small latency variations (±50 ms) 
affect users’ performance and perceived task load for 2D target 
selection tasks with static and moving targets. For static targets, we 
found that latency variation causes significantly higher completion 
times and less efficient trajectories, however with small effect sizes. 
In contrast, we found no significant effects on any performance 
measure for moving targets. Our findings indicate that the effect of 
latency variation is generally very small and quickly disappears for 
non-trivial tasks. 

CCS Concepts 
• Human-centered computing → Empirical studies in HCI; 
Graphical user interfaces; Pointing. 
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1 Introduction 
The interaction between a human and a computer can be modeled 
as a feedback cycle [11], comprising user input, processing time, 
and system response. Even small temporal delays within this loop 
affect the whole interaction process, as they delay the system’s 
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response and therefore the user’s next action. Such delays nega-
tively impact user experience [17, 22] and performance [25, 45, 59]. 
Therefore, reducing and controlling system latency is relevant in 
many application areas, such as video games [9, 13, 30, 74], audio 
[7, 39, 40], virtual reality [72, 82], target selection [25, 49, 55], and 
teleoperation [64, 65, 80]. Plant et al. [61–63] warn that latency 
could also influence the outcome of user studies (e.g., reaction time 
experiments) and therefore contribute to the replication crisis [56]. 
Consequently, it is important to measure latency in interactive sys-
tems, understand its effect on users, and find ways to reduce or 
compensate it [29, 34, 47, 67]. 

Depending on the task, humans are able to perceive latency as 
low as 2 milliseconds for dragging objects on a touch screen [58], 
∼ 20 ms for clicking [42, 43], and ∼ 30 ms for audio signals [36, 68]. 
Negative effects on quantitative measures, such as task time or 
error rate, can be measured for latencies as low as 25 – 50 ms [42]. 

A system’s end-to-end latency – the time between user input and 
system response – comprises several partial delays. They originate 
from individual processing times of input devices [10, 12, 62, 81], 
software frameworks [71], network communication [37, 53, 78, 85], 
and displays [75]. Additionally, task scheduling, update rates, and 
polling intervals lead to variations in latency across multiple inter-
actions [81]. Therefore, end-to-end latency should not be viewed as 
a constant time delay, but rather a probability distribution of possi-
ble latencies for each individual interaction. These latencies do not 
necessarily have a normal distribution and often are multi-modal 
due to the interplay of polling rates [71, 81]. 

Cunningham et al. [19] have shown that users are able to quickly 
adapt their behavior in environments with high latency to coun-
teract its negative effects. Consequently, users should be able to 
compensate constant high latency better than varying latency, as 
the system’s behavior is more predictable. However, studies investi-
gating the effects of varying latency are scarce and their findings are 
inconclusive. Several studies found that large and sudden changes 
in latency affect users more than a constant high latency [20, 32, 79]. 
However, latency variations are much smaller in practice, with stan-
dard deviations in the order of 10 to 100 ms [38, 71]. A recent study 
found no effects of such small latency variations on player per-
formance in a first-person shooter [69]. Aforementioned studies 
have tried to emulate real-world applications, such as operating a 
graphical user interface, driving a vehicle, or playing a video game. 
Even though this increases external validity, confounding factors 
due to the higher task complexity could have influenced the results. 

https://orcid.org/0000-0003-3593-2476
https://orcid.org/0009-0003-9339-7130
https://orcid.org/0009-0009-5540-8402
https://orcid.org/0000-0002-5702-6290
https://orcid.org/0000-0001-5162-5113
https://doi.org/10.1145/3772318.3791712
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3772318.3791712
https://raphael.wimmer@ur.de
https://niels.henze@uni-tuebingen.de
https://martina.emmert@ur.de
https://regensburg.de
https://andreas.schmid@ur.de


CHI ’26, April 13–17, 2026, Barcelona, Spain Schmid et al. 

To isolate the effects of latency and latency variation on users’ 
performance, we conducted a controlled lab study (n=32). Partici-
pants completed a 2D Fitts’ Law task [24], as well as a 2D target 
selection task with moving targets – each under one of four latency 
conditions: an average latency of 50 or 150 ms combined with a 
latency variation of either ±0 or ±50 ms. We found small effects of 
latency variation for the pointing task with static targets. In line 
with Schmid et al. [69], however, we found no evidence that small 
latency variations affect task time, error rate, or pointing efficiency 
for moving targets. 

2 Related Work 
Negative effects of latency on user experience and performance 
have been revealed in numerous studies, covering different interac-
tion scenarios and input methods. In this section, we first describe 
the main sources of latency in interactive systems and its inherent 
complexity due to being comprised of partial latencies contributed 
by different components. We then describe how and to which de-
gree latency affects users during interaction, before focusing on 
research on varying latency in particular. 

2.1 Sources of Latency in Interactive Systems 
The time from an input event being triggered by a user until a 
response by a system being displayed is commonly referred to as 
the system’s end-to-end latency [73]. Each component involved 
contributes to this latency. Input devices’ microcontrollers need to 
read out sensor data and translate it to USB events [81] and the com-

puter’s operating system processes those events and passes them 
on to user space. Applications process those inputs and prepare a 
response. Depending on context, this can involve time-consuming 
steps such as disk or database access, network communication, 
or rendering a complex scene [71]. Lastly, visual output is com-

posed and passed to a display, which in turn has a non-zero re-
sponse time [21, 75]. Communication between those components 
includes polling intervals, such as the typical USB polling rate of 
125 – 1000 Hz [81], and vertical display synchronization to avoid 
screen tearing, which adds up to 16.67 ms latency with a 60 Hz mon-

itor [75]. Furthermore, compositing window managers and game 
engines oftentimes use double buffering, delaying the output by 
one additional frame [71]. Interplay between such polling rates, as 
well as process scheduling [78], leads to slight variations in latency, 
oftentimes with multi-modal distributions [81]. 

Besides the local latency caused by a system’s hardware and soft-
ware components, network communication can add a substantial 
amount of delay time, depending on connection quality, communi-

cation protocol, and the physical distance between client and server 
[5, 27, 44]. Due to packet loss, network latency can significantly 
contribute to variations in latency, with common jitter magnitudes 
of above 100 ms [37, 41, 78]. 

2.2 Effect of Latency on Users 
As interaction between human and computer forms a feedback loop 
[11], every latency within this loop delays the whole interaction 
process. Therefore, latency has a direct influence on task time. In 
case of time-critical tasks with a temporal deadline, it can also 
have a negative impact on effectiveness, as deadlines might be 

missed, causing the task to fail [15]. Lastly, it has been repeatedly 
shown that high latency can affect subjective measures, such as 
user experience [13, 17, 22] or game experience [29, 31, 50]. 

2.2.1 Latency in Target Selection Tasks. One of the first studies 
investigating the effect of latency on users’ performance was the 
seminal work by MacKenzie and Ware [55]. Participants completed 
1D pointing tasks under different latency conditions, uncovering 
a linear effect of latency on task time and thereby the task’s in-
dex of difficulty. Subsequent studies followed a similar scheme: 
Participants complete a pre-defined task under different latency 
conditions, and the impact of latency on performance metrics and 
questionnaire results is analyzed. 

Pavlovych et al. [59] found that latency significantly affects per-
formance in terms of throughput, error rate, and movement time 
in a 2D Fitts’ law pointing task under various latency conditions 
ranging from 33 ms to 133 ms [59]. A similar effect was shown for 
steering tasks [2] when investigating the impact of latencies be-
tween 50 ms and 250 ms [84]. However, even a latency of only 16 ms 
can have a measurable impact on performance in both pointing and 
steering tasks [25]. For moving targets, Kundu et al. [45] confirmed 
the negative effect of latency on performance. A delay of 100 ms 
already leads to a 50% increase of task difficulty for moving tar-
gets, and increases even more when targets are moving faster [49]. 
Furthermore, not only performance is affected by latency but also 
subjective measurements such as quality of experience in target 
selection tasks [13]. 

2.2.2 Perception Thresholds of Latency. To derive design guidelines 
for low-latency systems, it is essential to know how much latency 
can be perceived, from which point it starts to influence users, and 
what the maximum tolerable amount is. Perception thresholds can 
be determined using psychophysical measures, such as the Just 
Noticable Difference (JND) [23]. Such thresholds strongly depend on 
the task. For example, the JND for latency when tapping on a touch 
screen has been determined to be at about 20 ms in two different 
studies [42, 43]. However, when dragging a virtual object over a 
touch-sensitive surface, delays as low as 2 ms can be perceived due 
to the spatial offset between finger and object [58]. 

Even though humans can perceive such small amounts of latency 
in a controlled environment via direct comparison, an impact on the 
aforementioned performance and UX metrics can only be measured 
at much higher latencies. For example, Annett et al. [4] replicated 
the dragging study by Ng et al. [58], but with a more complex task: 
Instead of dragging an object and focusing purely on differences 
in latency, participants were asked to draw shapes and write text. 
In this context, a much higher perception threshold of 59 ms was 
found. Similarly, Kaaresoja et al. [43] found that latency starts to 
impact the perceived quality of a virtual button starting only at 
70 ms, regardless of the perception threshold being much lower. 

2.2.3 Latency in Video Games. As latency has a major impact on 
real-time applications, the field of video games research is par-
ticularly interested in studying its effects. Especially networked 
multiplayer games and cloud games streamed from a server are 
always affected by latency [9, 29, 46, 51]. When it comes to latency 
studies in the context of video games, researchers oftentimes try 
to maximize ecological validity, using a particular video game as 
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the study apparatus, manipulating only the system’s latency as an 
independent variable, and measuring in-game metrics, as well as 
specialized questionnaires such as the player experience inventory 
(PXI) [1]. Similar to lab studies with standardized pointing tasks, 
player performance is deteriorated by latency, leading to less frags, 
less accurate aiming and worse kill/death ratio in first person shoot-
ers [5, 9, 31, 52], longer lap times in racing games [14], as well as 
less efficient navigation through a virtual world [50]. Furthermore, 
high latency deteriorates perceived quality of the game and player 
experience [13, 29, 31, 50]. 

2.3 Varying Latency 
Users can adapt to high-latency environments up to a certain degree 
[19, 66, 76] by intentionally or subconsciously performing inputs 
slightly earlier. Accordingly, random variations in latency, also 
referred to as jitter in the context of network delays, should have 
a greater impact on performance than a constant latency with the 
same mean. This is because the exact temporal deadline is unknown 
and therefore predictions of the system’s behavior become less 
precise [79]. However, only few studies investigated the effects of 
varying latency and findings from those studies are inconclusive. 

Weber et al. [79] investigated the effect of large variability of 
system response time (300 to 3000 ms) in a GUI dialog system. Partic-
ipants could complete tasks faster with low latency variability, even 
though average latency was higher in this condition. The authors 
argue that this effect is caused by temporal expectancy, with users 
being able to predict the system’s behavior more precisely when 
variability is lower. Similarly, Davis et al. [20] compared the effects 
of latency and latency variation on mental load and performance 
in a driving simulator. Average latency was 700 ms in both latency 
conditions, but was varied between 400 and 1100 ms following a 
sinusoidal function in the condition with varying latency. While 
latency variation led to significantly higher lane offset, no other 
differences compared to the condition with constant latency were 
found. Halbhuber et al. [32] found that in a 2D shooting game, sud-
den changes in otherwise constant latency affect performance and 
user experience more than constant latency with an even higher 
mean. 

All aforementioned studies used sudden latency changes and/or 
very large ranges of latency variation. Although this choice of 
conditions is suitable for researching usage scenarios involving 
breakdowns of network connection or extensive disk access, find-
ings are not applicable to small latency variations caused by local 
system components or a stable network connection. Only three 
studies investigated this type of latency variation. Pavlovych and 
Stuerzlinger [60] conducted a user study with a path following 
task, manipulating latency (20 – 170 ms), latency variation (±0 – 
±60 ms), as well as dropout rate (0 – 20%) and dropout duration 
(0 – 160 ms). They found that higher latency variation leads to 
significantly worse performance in following the path for high 
base latencies. Additionally, they found that the negative effect 
of latency variation is amplified at higher movement velocities. 
While significant effects of base latency on participants’ response 
delay could be found, latency variation had no measurable effect 
here. Schmid et al. [69] systematically investigated the effect of 
small latency variations on player performance and experience in a 

first-person shooter. They deliberately chose latency conditions to 
represent realistic values that can be caused by local components of 
a desktop computer. Participants played a first-person shooter with 
two levels of constant base latency (50 and 150 ms) and two levels 
of latency variation (±0 or ±50 ms). While high base latency had 
negative effects on hit rate, total amount of kills, kill/death ratio, 
and player experience, latency variation did not influence those 
factors. Lastly, Beech et al. [8] compared participants’ performance 
in a 2D pointing task with static targets for a high average latency 
of 167 ms, and a latency varying by ±100 ms around the same mean. 
They found that this latency variation caused increased task times, 
slower cursor movement, and more overshooting. 

2.4 Summary 
As latency is an inherent property of human-computer systems, 
several studies investigated its effect on user experience and per-
formance. Direct consequences of high latency include increased 
task time and error rate [17, 25, 55], as well as negative effects on 
user experience [22]. 

Interplay between different system components [71, 81], as well 
as network communication [35, 37] leads to variations in latency 
during interaction. As humans can perceive very low amounts 
of latency under certain conditions [6, 43, 58], the effects of such 
latency variations on users have to be studied. However, previous 
research on such effects is sparse and the results are inconclusive. 
While the negative effects of large and sudden switches in latency 
have been confirmed in multiple studies [20, 32, 79], effects for 
small latency variations in first-person shooters have been ruled 
out by Schmid et al. [69]. In contrast, there is evidence for effects of 
small latency variation on simple pointing and steering tasks [8, 59]. 
Consequently, there is a research gap concerning the complexity 
of tasks for which small latency variations still play a role. 

3 Method 
To investigate the impact of varying latency on 2D pointing tasks, 
we conducted a within-subject study. 32 Participants completed a 2D 
Fitts’ Law pointing task [54] with static targets, as well as a simple 
2D pointing task with moving targets. Each task was repeated four 
times, with two levels of base latency and two levels of latency 
variation. Compared to the study by Schmid et al. [69], who found 
no effects of latency variation on any performance measure in a 
first-person shooter, our tasks were deliberately chosen to be as 
simple as possible. Thereby, confounding effects are reduced to a 
minimum and potential effects of latency variation should be found 
in case they exist. In terms of base latency, we expect to replicate 
the negative effects on performance found in numerous previous 
studies [17, 22, 26, 55, 77]. 

3.1 Study Design 
Each participant completed two target selection tasks for each of the 
four latency conditions. Those conditions are comprised of our two 
independent variables, Base latency and latency Variation, with 
two levels each. This results in a within-subjects 2 × 2 study design. 
To circumvent sequence effects, the order of latency conditions was 
varied between participants based on a balanced Latin square. 
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Base latency represents the average amount of latency added to 
the study apparatus, regardless of its variation. Low Base latency 
refers to an average latency of 50 ms

1 
, whereas high Base latency 

refers to 150 ms. The second IV, latency Variation, also comes in 
two levels: low Variation represents a constant latency added to 
the system (±0 ms). High Variation means that latency varies by 
±50 ms around the Base latency. Consequently, during the con-
dition with high Base latency and high Variation, the system’s 
latency varied between 100 and 200 ms. All aforementioned latency 
values are added on top of our system’s latency, as described in 
subsubsection 3.3.4. 

Latency was applied to all mouse interactions: clicks and move-

ment events. In case of high Variation, a new latency value was 
randomly drawn from a uniform distribution for each mouse event. 
We selected the same latency conditions as Schmid et al. [69] for 
easier comparison. Furthermore, the values chosen for Base latency 
are in a realistic range [12, 38]. While latency Variation of ±50 ms 
is higher than in most local desktop contexts [71], such variations 
are not uncommon for network communication [3, 35, 37, 57]. 

We measured the dependent variables task time, error rate, and 
distance ratio – the ratio between the ideal path to a target and 
the actual pointing trajectory – to quantify participants’ perfor-
mance. Additionally, we applied the raw NASA-TLX questionnaire 
[33] to measure perceived task load on the six scales mental de-
mand, physical demand, temporal demand, performance, effort, and 
frustration. 

3.2 Tasks 
To investigate the impact of varying latency on 2D target selection, 
we designed two pointing tasks: one with static and one with moving 
targets. 

3.2.1 Static Targets. For the static task, we opted for a 2D Fitts’ 
Law task [54] with nine circular targets arranged in a circle (Fig. 1, 
left). Participants’ objective was to click the currently active target 
(highlighted by a different color) as quickly as possible. Missing 
the target resulted in an error being recorded and the next target 
becoming active. 

Targets were either 80 or 160 pixels in diameter (W) and the 
distance between targets was either 400, 600, or 800 pixels (d). Due 
to an overlap in index of difficulty (ID) (𝑊 = 80, 𝑑 = 400 and 
𝑊 = 160, 𝑑 = 800), we ended up with six different task rounds and 
five different IDs. Each permutation of target width and diameter 
was repeated four times, resulting in a total of 24 rounds (2 widths 
× 3 distances × 4 repetitions) with 9 targets each. The order of 
rounds was randomized. The first target of each round served as a 
set-up target and was therefore excluded from the analysis. Thus, 
for each participant and latency condition, 192 individual pointing 
trajectories and clicks were recorded. 

3.2.2 Moving Targets. The standardized and well-established 2D 
Fitts’ Law task serves as a reliable proxy for operating static graph-
ical user interfaces. To represent real-time applications, such as 
video games or teleoperation, we added a second, more complex 

1
The lowest possible amount of Base latency has to be at least half the range of the 
highest Variation as otherwise, combinations of low Base and high Variation would 
require negative latency. 

v 

(x0, y0) 

Figure 1: Illustration of tasks with static (top) and moving 
(bottom) targets. 

target selection task with moving targets. Targets were presented 
one at a time, with a fixed width, starting distance from the cursor, 
movement direction, and velocity (Fig. 1, right). Participants’ objec-
tive was to click the target as quickly as possible. If the target was 
missed or the target moved out of the screen, the trial was recorded 
as an error. 

Similar tasks have been used in previous studies. For example, 
Hajri et al. [28] and Claypool et al. [13, 16] used simple 2D games 
with participants chasing circular targets with their mouse cursor. 
We opted for targets following a linear path with a constant velocity 
to reduce task complexity. Furthermore, we introduced a temporal 
deadline [15] of targets leaving the screen to increase potential 
effects of latency. 

Similar to the Fitts’ Law task with static targets, target width 
(80 or 160 px) and initial distance to the current cursor position 
(400, 600, or 800 px) were varied between trials. Additionally, as 
movement direction relative to the initial cursor position, as well 
as target velocity affect task difficulty [28], movement direction 
was selected from one of towards, diagonally towards, perpendicular, 
diagonally away, or away Movement velocity was set to 200 or 
400 𝑝𝑥 

𝑠 . Each permutation of distance, width, velocity, and direction 
was repeated four times, which results in a total of 240 targets 
per latency condition (2 widths × 3 distances × 5 directions × 2 
velocities × 4 repetitions). The order of permutations was, again, 
randomized. Targets always spawned at the vertical center of the 
screen. If the mouse pointer was too far from this center line, a 
static setup target was inserted to re-position the cursor at the 
center. 
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3.3 Apparatus 
In this section, we describe our apparatus, including the study soft-
ware, technical specification of the system, our method for adding 
latency to the system, as well as results of latency measurements. 

3.3.1 Study Software. We implemented both, the static and moving 
target selection tasks, in C using the SDL2 graphics framework with 
an OpenGL backend. We opted for this framework as it was shown 
to be suitable for low-latency applications [71]. In both conditions, 
the application was running in full-screen mode, displaying a white 
background. Targets were rendered in gray, with the active target in 
the Fitts’ Law task being highlighted in black. On click, participants 
were provided feedback with the active target changing its color 
to blue in case of a hit, or orange for a miss. To enable left-handed 
and right-handed mouse usage, targets could be selected by either 
clicking with the left or the right button of a symmetric mouse. 

Cursor position, clicks, information about the current condition, 
as well as timestamps were logged continuously by storing them in 
a large array. Log data was only saved to disk at the end of a task 
to avoid unintended latency spikes. 

3.3.2 Adding Latency to the System. We used a software tool sim-

ilar to Liu’s EvLag [48] to introduce latency to our system. This 
program runs independently of the study software and delays all 
mouse events by a specified amount and variation. Input events are 
detected and captured using the evdev library. Instead of propagat-
ing those events to the remaining system, our tool starts a thread 
that waits for a specified amount of time before invoking an input 
event using the uinput library. It is worth noting that when latency 
variation is applied, it is possible for input events to be invoked 
out of order. For movement events, which are triggered in quick 
succession, this leads to slight spatial jitter of the movement path. 

3.3.3 Hardware. We conducted the study on an HP Pavillon Gam-
ing 790 desktop PC2 

. It ran Debian Buster 5.10 with proprietary 
Nvidia graphics drivers (version 470.103.01). The external monitor 
ASUS ROG Strix XG248Q had a resolution of 1920 × 1080 pixels 
and a refresh rate of 240 Hz. We chose the Logitech G5 gaming 
mouse, since it features both low latency and low variety in latency 
(𝑚 = 2.17𝑚𝑠, 𝑆𝐷 = 0.3𝑚𝑠 , reported by Wimmer et al. [81]). 

3.3.4 Latency Measurements. To measure the end-to-end latency 
of our system, we used Schmid and Wimmer’s Yet Another Latency 
Measuring Device (YALMD) [70]. It triggers a click by automatically 
closing electrical contacts, while a photo sensor attached to the 
monitor detects a change in brightness as a result of the click. The 
time elapsed between these events is recorded as the system’s end-
to-end latency. To use YALMD, we adapted our SDL2 program to 
display a black rectangle that turns white on click. We displayed 
this rectangle and attached the photo sensor in the bottom right 
corner of the screen for measurements. 

We conducted a series of 50 measurements each for all four la-
tency conditions, as well as without any added latency. Without 
added latency, our system has a mean latency of 8.4 ms (𝑚𝑖𝑛 = 
6.7𝑚𝑠,𝑚𝑎𝑥 = 10.7𝑚𝑠, 𝑆𝐷 = 1.2𝑚𝑠). Latency distributions are de-
picted in Figure 2. 

2
Intel i7-8700 (3.2 GHz), Nvidia GTX 1080, 16 GB DDR4 RAM 

Figure 2: Latency measurements without added latency (6.7 – 
10.7 ms, left), as well as all four latency conditions used in the 
study (right). Latency of 50 or 150 ms was added to user input 
for conditions with constant latency. Uniformly distributed 
values between 0 and 100 ms or 100 and 200 ms were added 
for the conditions with varying latency. 

3.4 Procedure 
The study was conducted in a controlled laboratory environment. 
Upon arrival in our lab, we informed participants about our study’s 
procedure, which data we collect, and that they could withdraw 
from the study at any time. After providing informed consent and 
demographic data, participants completed a short warm-up phase. 
Then, the first latency condition was selected from a balanced Latin 
square and participants completed the Fitts’ Law task. Afterward, 
the latency added to the system was reset to zero and participants 
answered the NASA-TLX questionnaire. If needed, they were al-
lowed to take a break. Then, they completed the moving target task 
with the same latency condition, again followed by a NASA-TLX 
questionnaire and an optional break. This procedure was repeated 
for all four latency conditions. We concluded the study with a de-
briefing, informing participants about the study’s exact objectives. 
We estimated a duration of 45–60 minutes to complete the study. 

3.5 Participants 
Previous work has shown that effects of latency in 2D pointing tasks 
can be detected reliably even with a small number of participants 
(e.g., n=12 [59, 60]) with most studies using within-subjects designs 
with about 30 participants [16, 25, 45, 84]. Therefore, we recruited 
32 participants (16 men, 15 women, 1 non-binary) for our study via 
a university mailing list. They were between 19 and 34 years old 
(mean: 25.8). Among participants, 29 were right-handed, 2 were 
left-handed and one was ambidextrous. All of them used their 
right hand to operate the computer mouse. While all participants 
were experienced with using a mouse, their gaming habits were 
heterogeneous (action games: 4 playing often, 11 sometimes, 7 rarely, 
10 never ; strategy games: 4 often, 5 sometimes, 8 rarely, 15 never). 

Participants were rewarded with sweets, as well as credit points 
for study participation. The study was designed and conducted 
following the ethical guidelines for research, as provided by our 
institution. 
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4 Results 
We analyzed the collected data using Python and the pingouin 3 

package. We used Shapiro-Wilk tests to test for normal distribu-
tion of residuals for each dependent variable. If data was normally 
distributed, we used pingouin’s repeated measures ANOVA for in-
ferential analysis. Otherwise, we applied an ART ANOVA [83] using 
the R package ARTool 4 

. Violation of normality and consequent use 
of ART ANOVA are stated explicitly in the remainder of the section. 
In case of violated sphericity, we applied Greenhouse-Geisser cor-
rection. We used an alpha level of 0.05 for all statistical tests. Effect 
sizes (𝜂 2 

𝑝 ) are reported according to Cohen [18]. We structure the 
results by dependent variable to improve comparability between 
the static and moving targets tasks. 

4.1 Task Time 
Task Time for the static target task for different latency conditions 
are depicted in Fig. 3a. As normal distribution was violated for the 
static target task (p < 0.001), we used an ART ANOVA for inferential 
analysis. We found a significant effect of Base latency on Task 
Time (F (1, 31) = 459.001, p < 0.001, 𝜂 2 

𝑝 = 0.83). Participants were 
significantly faster with low Base latency (𝑀 = 0.66 𝑠, 𝑆𝐷 = 0.09 𝑠 ) 
compared to high Base latency (𝑀 = 0.93 𝑠, 𝑆𝐷 = 0.13 𝑠 ). We also 
found a significant effect of latency Variation on Task Time (F (1, 
31) = 9.277, p = 0.003, 𝜂 2 

𝑝 = 0.09). For low Variation, the Task 
Time was significantly lower (𝑀 = 0.77 𝑠, 𝑆𝐷 = 0.17 𝑠) than for 
high Variation (𝑀 = 0.81 𝑠, 𝑆𝐷 = 0.18 𝑠). We, however, found no 
significant Base × Variation interaction effect on Task Time (F (1, 
31) = 0.797, p = 0.374, 𝜂 2 

𝑝 < 0.01). 
Task Time for the moving target task for different latency condi-

tions are depicted in Fig. 3b. We found a significant effect of Base La-
tency on Task Time (F (1, 31) = 753.654, p < 0.001, 𝜂 2 

𝑝 = 0.96). Again, 
participants were faster with low Base latency (𝑀 = 0.69 𝑠, 𝑆𝐷 = 
0.08 𝑠) compared to high Base latency (𝑀 = 0.98 𝑠, 𝑆𝐷 = 0.12 𝑠 ). We 
found no significant effect of Latency Variation on Task Time 
(F (1, 31) = 2.566, p = 0.119, 𝜂 2 

𝑝 = 0.08). We also found no significant 
Base × Variation interaction effect on Task Time (F (1, 31) = 1.117, 
p = 0.299, 𝜂 2 

𝑝 = 0.03). 

4.2 Error Rate 
We define Error Rate as the ratio between clicks missing the target 
and the total number of clicks. In the static target task, mean error 
rates were consistent across all conditions, ranging from 2.85% 
(SD = 2.09%) for low Base to 3.45% (SD = 2.83%) for high Base. 
Consequently, we found no significant main or interaction effects 
on Error Rates for the static target task (all p > 0.1) (Fig. 4a). 

We found a highly significant effect of Base latency on Error 
Rate for moving targets (F (1, 31) = 159.457, p < 0.001, 𝜂 2 

𝑝 = 0.84). 
Significantly fewer errors were made with low Base latency (𝑀 = 
13.07%, 𝑆𝐷 = 5.23%) than with high Base latency (𝑀 = 23.41%, 𝑆𝐷 = 
7.92%). We found no significant effect of Variation on Error Rate 
(F (1, 31) = 2.672, p = 0.112, 𝜂 2 

𝑝 = 0.08). We also found no significant 
Base × Variation interaction effect on Error Rate (F (1, 31) = 0.153, 
p = 0.698, 𝜂 2 

𝑝 < 0.01). Results are depicted in Fig. 4b. 
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(b) Moving Targets 

Figure 3: Task time of both tasks for the four latency condi-
tions. Base latency is a major contributor to higher task time. 
For static targets, we found a small effect of latency variation 
on task time. 

4.3 Mouse Trajectories 
We analyzed pointing trajectories by comparing the total length 
of each trajectory to the length of the ideal path – the Euclidean 
distance between the initial cursor position and the closest point 
within the target. By dividing the actual path length by the length of 
the ideal path, we calculated a Distance Ratio. The shortest possible 
trajectory has a Distance Ratio of 1. Higher ratios are caused by 
excessive mouse movement, for example, due curved trajectories, 
overshooting, or correcting behavior. 

Normal distribution was violated for both tasks (both p < 0.001). 
Therefore, we used an ART ANOVA for inferential analysis. 

Distance Ratio for the static target task for all latency conditions 
are depicted in Fig. 5a. Using an ART ANOVA, we found a significant 
effect of Base latency on Distance Ratio (F (1, 31) = 17.003, p < 0.001, 
𝜂 2 
𝑝 = 0.15). Furthermore, we found a significant effect of latency 

Variation on Distance Ratio (F (1, 31) = 42.873, p < 0.001, 𝜂 2 
𝑝 = 0.32). 

Participants could follow the ideal path significantly better with 
low Variation (𝑀 = 1.23, 𝑆𝐷 = 0.05) compared to high Variation 
(𝑀 = 1.26, 𝑆𝐷 = 0.12). No significant interaction effect of Base × 
Variation were found for Distance Ratio (F (1, 31) = 0.115, p = 0.735, 
𝜂 2 
𝑝 < 0.01). 
Similar to the task with static targets, we analyzed mouse trajec-

tories for the task with moving targets. To operationalize partici-
pants’ pointing efficiency, we again investigated the ratio between 
the total distance covered and a straight line between the initial 

https://pingouin-stats.org/
https://depts.washington.edu/acelab/proj/art/
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(b) Moving Targets 

Figure 4: Error rates for both tasks. During the task with static 
targets, each click that missed the current target was counted 
as an error. For moving targets, it was additionally possible 
for the target to leave the screen before it was clicked, which 
was also counted as an error. Due to this temporal deadline, 
base latency only influences error rate for moving targets. 

position and the target. However, as targets were moving, the ideal 
path constantly changed. To reduce complexity and keep compara-

bility with the analysis of the task with static targets, we simplified 
the trajectory analysis using a straight line between the initial and 
final cursor position as the "ideal trajectory". Consequently, the 
Distance Ratio for moving targets is defined as the ratio between 
the actual covered distance and the Euclidean distance between the 
initial and final cursor position. 

We found a significant effect of Base Latency on Distance Ratio 
(F (1, 31) = 94.978, p < 0.001, 𝜂 2 

𝑝 = 0.51). Participants follow the ideal 
path more closely with low Base latency (𝑀 = 1.23, 𝑆 𝐷 = 0.09) 
compared to high Base latency (𝑀 = 1.43, 𝑆𝐷 = 0.26). We found no 
significant effect of Latency Variation on Distance Ratio (F (1, 31) 
= 0.478, p = 0.491, 𝜂 2 

𝑝 < 0.01). We also found no significant Base × 
Variation interaction effect on the Distance Ratio (F (1, 31) = 0.358, 
p = 0.551, 𝜂 2 

𝑝 < 0.01). Results are shown in Fig. 5b. 

4.4 Task Load 
For the static target task, we found a significant main effect of Base 
latency on Task Load – the average of the NASA-TLX sub-scales 
(F (1, 31) = 39.231, p < 0.001, 𝜂 2 

𝑝 = 0.56). Participants experienced sig-
nificantly lower Task Load with low Base latency (𝑀 = 30.29, 𝑆𝐷 = 
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Figure 5: Distance Ratio is the length ratio between the the 
actual pointing trajectory, and the ideal path from the initial 
cursor position to the target. For static targets, we found 
significant effects of both, base latency and latency variation, 
on distance ratio. For moving targets, only high base latency 
significantly increased distance ratio. 

15.40) compared to high Base latency (𝑀 = 40.38, 𝑆𝐷 = 16.08). 
Latency Variation had no significant effect on Task Load (F (1, 31) 
= 1.002, p = 0.325, 𝜂 2 

𝑝 = 0.03). Furthermore, we found a significant 
Base × Variation interaction effect on Task Load (F (1, 31) = 4.285, 
p = 0.047, 𝜂 2 

𝑝 = 0.12). Bonferroni-Holm corrected pairwise t-tests 
show that a significant effect of latency Variation on Task Load 
only exists with low Base latency (p = 0.03, 𝑑𝑐𝑜ℎ𝑒𝑛𝑠 = 0.337). With 
low Base / low Variation, Task Load (𝑀 = 27.71, 𝑆𝐷 = 14.22) 
was significantly lower compared to low Base / high Variation 
(𝑀 = 32.87, 𝑆𝐷 = 16.31). 

Regarding the individual sub-scales of the NASA-TLX question-
naire, we found a significant main effect of Base latency on every 
scale except Temporal Demand. Additionally, we found significant 
Base × Variation interaction effects for Performance and Frustra-
tion. Using Bonferroni-Holm corrected pairwise t-tests, we could 
not confirm the interaction effect regarding Performance (both p > 
0.1). Post-hoc tests regarding the interaction effect on Frustration 
show that latency Variation only has an influence when Base 
latency is low (p = 0.006, 𝑑𝑐𝑜ℎ𝑒𝑛𝑠 = 0.65). With low Base / low Vari-
ation, Frustration (𝑀 = 18.91, 𝑆𝐷 = 14.47) was significantly lower 
compared to low Base / high Variation (𝑀 = 30.78, 𝑆𝐷 = 21.37). 

Likewise to the static task, we found a significant effect of Base 
latency onTask Load for the moving target task (F (1, 31) = 31.134, 
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Table 1: Results of the inferential analysis for all dependent variables using repeated measures ANOVAs. If the normal 
distribution of residuals was violated, we applied an ART ANOVA [83]. In this case, the line is marked with a dagger (†). 

Performance- Task Base Variation Base × Variation 
Measures F (1, 31) 𝑝 𝜂 2 

𝑝 F (1, 31) 𝑝 𝜂 2 
𝑝 F (1, 31) 𝑝 𝜂 2 

𝑝 
†Task Time static 459.001 < 0.001 0.83 9.277 0.003 0.09 0.797 0.374 < 0.01 

moving 753.653 < 0.001 0.96 2.566 0.119 0.08 1.117 0.299 0.03 
Error Rate static 2.628 0.115 0.08 0.154 0.697 < 0.01 0.19 0.666 < 0.01 

moving 159.457 < 0.001 0.84 2.672 0.112 0.08 0.153 0.698 < 0.01 
†Distance Ratio static 17.003 < 0.001 0.15 42.873 < 0.001 0.32 0.115 0.735 < 0.01 
† moving 94.978 < 0.001 0.51 0.478 0.491 < 0.01 0.358 0.551 < 0.01 
NASA-TLX Scale 
Mental Demand static 27.568 < 0.001 0.47 0.519 0.477 0.02 2.13 0.154 0.06 

moving 25.261 < 0.001 0.45 4.568 0.041 0.13 2.464 0.127 0.07 
Physical Demand static 7.539 0.01 0.2 0.169 0.684 < 0.01 0.159 0.693 < 0.01 

moving 15.506 < 0.001 0.33 1.841 0.185 0.06 1.773 0.193 0.05 
†Temporal Demand static 0.066 0.798 < 0.01 2.040 0.157 0.02 0.139 0.710 < 0.01 

moving 1.357 0.253 0.04 0.001 0.971 < 0.01 0.295 0.591 < 0.01 
Performance static 12.338 0.001 0.28 0.047 0.83 < 0.01 4.641 0.039 0.13 

moving 16.089 < 0.001 0.34 0.531 0.472 0.02 1.107 0.301 0.03 
Effort static 19.13 < 0.001 0.38 0.002 0.969 < 0.01 0.854 0.362 0.03 

moving 24.124 < 0.001 0.44 0.099 0.755 < 0.01 1.563 0.221 0.05 
Frustration static 29.703 < 0.001 0.49 1.336 0.257 0.04 8.039 0.008 0.21 

moving 23.691 < 0.001 0.43 0.663 0.422 0.02 2.549 0.121 0.08 
Total static 39.231 < 0.001 0.56 1.002 0.325 0.03 4.285 0.047 0.12 

moving 31.134 < 0.001 0.50 1.021 0.320 0.03 3.710 0.063 0.11 

p < 0.001, 𝜂 2 
𝑝 = 0.50). Participants, again, experienced significantly 

lower Task Load with low Base latency (𝑀 = 45.48, 𝑆𝐷 = 17.84) 
compared to high Base latency (𝑀 = 57.04, 𝑆𝐷 = 17.55). We found 
no significant effect of Variation on Task Load (F (1, 31) = 1.021, p 
= 0.320, 𝜂 2 

𝑝 = 0.03). In contrast to the static task, we also found no 
Base × Variation interaction effect on Task Load (F (1, 31) = 3.710, 
p = 0.063, 𝜂 2 

𝑝 = 0.11). 
As for the static target task, we found significant main effects 

of Base latency on all NASA-TLX sub-scales except for Temporal 
Demand. Additionally, we found a significant effect of latency Vari-
ation on Mental Demand (F (1, 31) = 4.568, p = 0.041, 𝜂 2 

𝑝 = 0.13). We 
found no significant Base × Variation interaction effect for any 
of the sub-scales. Detailed results of the NASA-TLX questionnaire, 
including all sub-scales, are listed in Table 1 and Figure 6. 

5 Discussion 
We investigated the effects of latency and latency variation on 
performance and perceived task load in two different 2D pointing 
tasks: one with static targets, and one with moving targets. In this 
section, we discuss our findings on an abstract level, contextualize 
them with existing literature, and interpret our results’ implications 
for future research. Lastly, we discuss limitations of our study and 
provide an outlook on potential future work. 

5.1 Base Latency 
For both tasks, we found significant effects of high base latency on 
almost all performance and task load measures. The only exceptions 

are Error Rate for the task with static targets, as well as the NASA-
TLX sub-scale Temporal Demand. As there was no temporal deadline 
during the task with static targets, participants could take as long as 
they wanted to accurately click at the target, regardless of latency 
condition. Therefore, latency did not affect error rate during this 
task. Related studies also only found effects of latency on error 
rate for target selection tasks, if time was limited [59]. The missing 
effect of latency on temporal demand is in line with this explanation. 
Participants did not feel more time pressure when latency was 
added to the system. Overall, our results regarding base latency 
replicate findings of previous studies, with users being slower [45, 
55, 59, 84] and navigating less efficiently [8, 59] when operating a 
system with high latency. 

5.2 Latency Variation 
Interestingly, we found diverging results for the two tasks regarding 
the effect of latency variation. While task time and distance ratio 
were significantly higher with high latency variation for static 
targets, we found no such effects for moving targets. However, the 
effect of latency variation on task time (𝜂 2 

𝑝 = 0.09) is small when 

compared to the effect of base latency (𝜂 2 
𝑝 = 0.83). We therefore 

hypothesize that even though small latency variations do have an 
effect on performance in target selection tasks, their effects are so 
small that they only surface in very controlled conditions. Similar 
phenomena have been observed regarding the perception threshold 
for latency for dragging tasks: Ng et al. [58] determined a just 
noticeable difference of 2 ms when isolated. However, if dragging 
interaction is combined with a high-level task such as drawing or 



Effects of Small Latency Variations in 2D Target Selection Tasks CHI ’26, April 13–17, 2026, Barcelona, Spain 
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Figure 6: Results of all sub-scales of the NASA-TLX questionnaire for both tasks. We found that high base latency increases 
perceived task load for all sub-scales except temporal demand, for both tasks. Additionally, we found a significant effect of 
latency variation on mental demand for the moving target task, as well as interaction effects for performance and frustration 
for the static target task. Note that the performance score was inverted for better comparability. 

writing, latency differences of about 50 ms are required for users to 
be able to perceive the difference [4]. 

Besides task time, latency variation had a significant effect on the 
distance ratio for static targets. Notably, the effect size for latency 
variation is higher than for the (also significant) influence of base 
latency. While it is possible that this effect was partially caused 
by slight spatial jittering due to movement events arriving out of 
order, this is most certainly not the only factor, as we could not 
observe a similar effect for the moving target task. A comparable 
effect of latency variation on longitudinal tracking error was found 
by Pavlovych and Stuerzlinger [60] for a target following task. 

5.3 Interaction between Base Latency and 
Latency Variation 

Furthermore, we found interaction effects on task load between 
base latency and latency variation for the task with static targets. 
High latency variation caused perceived frustration and total task 
load to be significantly higher, but only when base latency was low. 
This observation is another indicator for the effects of small latency 
variation being overshadowed by the larger effects of base latency. 

5.4 Implications of our Results 
We classify our study mainly as foundational research towards a 
deeper understanding of the influence of latency variation on per-
formance in pointing tasks. However, we can also draw conclusions 
regarding concrete implications for future HCI research. 

As previous studies on the effects of latency variation led to 
inconclusive results, our findings are an important step towards 
a deeper understanding of its practical impact. We found a small 
effect of latency variation on task time and movement trajectories 
for static targets. This goes in line with findings by Beech et al. 
[8], who found similar effects, but with twice as much variation. 
Additionally, similar to Pavlovych and Stuerzlinger [60], we found 
an effect of latency variation on users’ ability to efficiently navigate 
along a path. We also show that latency variation does not affect 

performance in a very simple 2D pointing task with moving targets. 
We regard this as a generalization of previous findings by Schmid 
et al. [69], who could show that small variations in latency do not 
influence player performance in a first-person shooter. 

Our findings have a direct impact on future user studies that 
include simple pointing tasks. As latency is omnipresent in human-

computer systems, including study apparatûs, and it is never con-
stant due to the interaction of different polling rates throughout 
the system, it can potentially influence the outcome of experiments 
[61–63]. On the one hand, just like Schmid et al. [69], our study 
shows that it is unlikely for small latency variations to have af-
fected the outcome of past experiments. On the other hand, even 
though we found only few significant effects of latency variation 
on our dependent variables, and effect sizes were comparatively 
small, we do not advocate for ignoring it as a factor in the design of 
interactive systems. Previous studies revealed that the influence of 
latency is highly dependent on context and can even influence per-
formance if it is not directly perceived [6]. Furthermore, we found 
a significant effect of latency variation on the NASA-TLX sub-scale 
Mental Demand for the moving target task. This indicates that the 
task was perceived as subjectively more demanding regardless of 
there being no measurable effect on performance. 

5.5 Limitations and Future Work 
In our study, we defined latency variation as a uniform distribu-
tion with a comparatively small range of ±50 milliseconds. Similar 
designs have been used by Schmid et al. [69] (same latency condi-
tions), Beech et al. [8] (167±100 ms), and Pavlovych and Stuerzlinger 
[60] (±0 – ±60 ms). While this replicates typical latency variations 
caused by a system’s software and hardware components, other 
studies have used different definitions and thus implementations for 
latency variations. For example, Halbhuber et al. [32] investigated 
switches between different constant latency levels, and Weber et al. 
[79] as well as Davis et al. [20] implemented latency variation as 
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large leaps in settings with high base latency. While both phenom-

ena are relevant in practice, they are inherently different and one 
should not draw conclusions from one to the other. Consequently, 
our study did not provide novel insights regarding large and sudden 
variations in latency, as they can be caused by network dropouts 
or high system load. 

Furthermore, while a latency range of ±50 milliseconds is realis-
tic when considering a usage context with network communication, 
it is large when only local system components are involved [71, 81]. 
As the effects of latency variation are very small, larger ranges 
could uncover those effects more effectively. For example, Beech 
et al. [8] found larger effects using twice the latency range. As 
such large latency variations rarely occur in real-world systems, 
practical applications of those findings are limited. 

We deliberately decided to compromise on the total task duration 
to cover both tasks and all four latency conditions within a reason-
able total study duration. However, our tasks might have been too 
short for adaptation effects to fully manifest. In comparison, Rohde 
et al. [66] used a priming phase of 17 minutes before measuring 
temporal adaption which is longer than a whole latency condition 
in our study. Thus, future studies should focus on fewer but longer 
tasks to ensure potential adaptation effects have time to manifest. 
Additionally, it would be interesting to investigate how users adapt 
to latency and latency variation over the duration of exposure. 

We used a fixed task order (static targets first, moving targets af-
terwards) for each condition. Therefore, we can not fully exclude po-
tential sequence effects: In theory, participants could have adapted 
to the new latency condition during the static target task, lead-
ing to more homogeneous performance in the moving target task 
across latency conditions. However, as participants were switching 
between the static and moving targets tasks four times over the 
duration of the study, as well as the short duration of individual 
trials, we regard the pragmatic influence of such an effect on our 
results as negligible. 

Lastly, our participant sample was quite homogeneous, consist-
ing mainly of university students. While it is possible for different 
results to emerge from other demographics, this does not invalidate 
the results for our particular sample. 

6 Conclusion 
We investigated the effect of small latency variations on users’ per-
formance and task load in two 2D target selection tasks. We could 
replicate the effects of base latency on performance measures as 
found in numerous previous studies. Similar to Beech et al. [8], 
we found that latency variation can affect performance in a target 
selection task with static targets. In contrast, we found no effects 
of latency variation in a slightly more complex task with moving 
targets. This finding is in line with Schmid et al. [69], who found 
no effects of latency variation on in-game metrics in a first-person 
shooter. Therefore, our findings are an important step towards un-
derstanding which tasks are influenced by small latency variations. 
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