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Abstract
Eye-Tracking data provides valuable insights into human behavior, yet its high variability to noise require robust prepro-
cessing to ensure meaningful analysis. This study introduces and evaluates a systematic preprocessing pipeline tailored to
enhance machine learning classifier performance in the context of Eye-Tracking data, on a dataset on academic cheating
detection. Unlike prior work focusing on isolated preprocessing steps, our approach explores 193 configurations by com-
bining techniques for missing value imputation, outlier handling, normalization, smoothing, feature limiting, and filtering.
A Random Forest classifier is used consistently across all configurations due to its robustness and prior success in similar
domains. Our results demonstrate that well-designed preprocessing pipelines can substantially improve classification accu-
racy. Additionally, a feature importance analysis reveals that static spatial and camera-based metrics outperform traditional
gaze dynamics in predictive power. This research aims to create a reusable framework for Eye-Tracking data.
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1 Introduction

Eye-Tracking data has become an invaluable resource for
understanding cognitive processes, attentional shifts, and
behaviors such as deception in assessments [1]. Despite its
potential, the complexity and noise inherent in Eye-Track-
ing data pose significant challenges [2]. Individual vari-
ability, data fluctuations, and measurement artifacts neces-
sitate preprocessing techniques to extract meaningful sig-
nals and ensure robust machine learning outcomes. Without
appropriate handling, noise in raw Eye-Tracking data can
severely compromise the accuracy of classification models.
Despite the widespread use of Eye-Tracking data, prepro-
cessing techniques tailored to its noise-prone and tempo-
rally irregular nature are rarely evaluated systematically.
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So, this paper focuses on the essential preprocessing steps
required to enhance the accuracy of classification models
for Eye-Tracking datasets. The dataset analyzed originates
from an experimental study where students’ eye movements
were recorded during exam-related tasks to identify predic-
tive markers of cheating behavior. Challenges such as high
variability, missing values, and outliers in the data necessi-
tate a structured preprocessing approach.

We propose and evaluate a comprehensive preprocess-
ing pipeline addressing key data quality concerns, including
managing missing data, outliers, normalizing features to re-
duce individual variability, and employing smoothing tech-
niques to minimize noise. Various strategies for imputation
(mean substitution, Last Observation Carried Forward, and
deletion), outlier detection, and feature scaling (z-score nor-
malization, robust, and min-max scaling) are systematically
compared. Using Random Forest classifiers, we assess the
impact of these preprocessing steps on classification per-
formance, aiming to identify optimal combinations. So, the
Research Questions are:

� RQ1: How do different preprocessing methods, such as
handling missing values, normalization, and outlier de-
tection, change the Eye-Tracking data and thus influence
the classification accuracy?
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� RQ2: Which tested preprocessing configuration yields
the most suitable classification performance using a Ran-
dom Forest on our dataset?

To address these research questions, we design and eval-
uate a preprocessing pipeline and analyze its impact on
classification accuracy. To validate the proposed methods,
additional experiments are planned, including a second Eye-
Tracking study and analyses of datasets from other do-
mains.

Long-term, this work aims to establish a robust, empiri-
cally grounded preprocessing framework for Eye-Tracking
data by defining an optimized sequence of preprocessing
steps. Building on this, the goal is to create a modular
system for systematically testing preprocessing steps and
their combined impact on classifier performance, enabling
broader applicability to other Eye-Tracking datasets. The
dataset analyzed in this study serves as a representative ex-
ample to guide the development of the framework, which
will be further validated on additional datasets to ensure
generalizability and the empirical basis of the findings.

Structure Chapter 1 reviews the prior research done on
preprocessing techniques for Eye-Tracking data and clas-
sifier comparisons, providing the foundation for this study.
Chapter 2 presents a literature review, focusing on how pre-
processing impacts machine learning performance in Eye-
Tracking data analysis. Chapter 3 describes the design of
and modularization of the preprocessing pipeline, a fea-
ture importance analysis, and the training of the Random
Forest classifier. In chapter 4, the different preprocessing
combinations are presented, addressing RQ2 by identify-
ing the optimal configuration for classification performance
based on their effect on model accuracy and statistical anal-
ysis. Finally, Chapter 5 offers an conclusion, outlook on
future research and limitations, including further validation
and generalization of the preprocessing pipeline to other
datasets.

Contribution This paper advances the field by:

1. Identification of needs for the development of special-
ized data engineering algorithms for preprocessing Eye-
Tracking data.

2. Design of a comprehensive framework for composing
and evaluating data engineering pipelines tailored to
Eye-Tracking datasets.

3. Introduction of a methodology to systematically gener-
ate, evaluate, and optimize data engineering pipelines to
improve analysis.

Preliminary Research The analysis of Eye-Tracking data
comprises literature review, experimental design, data col-

lection, preprocessing, and machine learning classification.
A quantitative survey first captured students’ cheating be-
haviors and contextual factors [2], forming the basis for an
Eye-Tracking experiment within the ii.oo—digital kompe-
tenzorientiert Prüfen project. The study investigates meth-
ods for detecting academic misconduct, a growing concern
with the shift to online exams during COVID-19 [3].

Prior work focused on designing preprocessing pipelines
for Eye-Tracking data and evaluating classifiers to iden-
tify the most effective model for predicting cheating behav-
ior. Random Forest outperformed Support Vector Machines,
k-Nearest Neighbors, and Decision Trees, accurately clas-
sifying participants into cheating and non-cheating groups.
Building on these findings, this work applies the optimized
preprocessing pipeline and Random Forest classifier for fur-
ther analysis [2, 4].

An earlier conference paper [5] presented an initial, sim-
plified implementation, limited to an 80/20 hold-out eval-
uation and based on a partially preprocessed dataset. The
current work employs the latest, refined pipeline, incorpo-
rating additional validation schemes (GroupKFold, Out-of-
Bag) and leveraging the fully cleaned dataset for more ro-
bust and generalizable results.

2 RelatedWork

Preprocessing has a significant impact on machine learn-
ing performance, especially with increasing data complex-
ity and volume [6]. For Eye-Tracking data, optimized pre-
processing can improve classification outcomes substan-
tially. Burdack et al. [7] demonstrated that filtering and
data reduction enhance gait classification with SVMs and
CNNs, while normalization has limited effect. Kamiran and
Calders [8] showed that preprocessing can also mitigate bias
without degrading accuracy.

Preprocessing for Eye-Tracking Data Few studies address
preprocessing systematically despite its importance. Ols-
son [9] emphasized real-time filtering and smoothing to
counteract saccadic noise. Adalı et al. [10] used adaptive
filters to stabilize pupil signals under variable lighting. Li
et al. [11] applied low-pass and Fourier transforms for gaze
path smoothing. Kret and Sjak-Shie [12] proposed a full
pipeline including interpolation, z-score normalization, and
artifact removal. These works underline that preprocessing
is essential for improving data quality and classification
performance—motivating the systematic pipeline evalua-
tion in this study.

Domain-Specific Techniques Vortmann [13] transformed
time series into images to boost CNN classification. Zheng
et al. [14] used multichannel preprocessing to treat sen-
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sor axes as color layers, improving activity recognition.
Mishra [15] applied ensemble preprocessing in chemomet-
rics to enhance robustness, while Gholizadeh [16] found
that tailored derivative-based preprocessing improved soil
contaminant predictions.

Feature Selection Reducing dimensionality improves per-
formance and prevents overfitting in Eye-Tracking models.
Arnold et al. [17] show the relevance of task-specific met-
rics (e.g., fixation dispersion), and Lim et al. [18] use fix-
ation and pupil features for detecting cognitive load. Vort-
mann and Putze [19] present that combining handcrafted
and learned features enhances accuracy. Selection tech-
niques include recursive elimination, permutation impor-
tance, and Random Forests.

3 Design and Evaluation of Preprocessing
Pipeline

This chapter presents the systematic preprocessing frame-
work developed to address RQ1 and RQ2. We introduce
a modular, extensible methodology for generating, eval-
uating, and optimizing preprocessing pipelines for time
series classification, tailored to Eye-Tracking data. The
pipeline covers feature selection, imputation, outlier de-
tection, normalization, smoothing, low-pass filtering, and
feature thresholding. Each step supports multiple methods,
whose combinations form a comprehensive search space.
Classification accuracy serves as the benchmark metric,
and the methodology is implemented in Python.

3.1 Preprocessing Pipeline

The preprocessing pipeline methodically prepares Eye-
Tracking data for analysis by progressively refining the
dataset to ensure reliable results. The aim is to maximize
the accuracy of the classification of the eye-trackig data.

Pipeline Design and Step Sequence

� Iterative testing and domain knowledge: Missing values
handled first, then outlier removal, Normalization for fea-
ture comparability, Smoothing and filtering applied later
to reduce noise without distortion.

� This structure improved classification accuracy and data
stability. Aligns with recommendations in eye-tracking
and time series literature [9, 11, 12], further survey stud-
ies support sequence: NaN replacement ! outlier de-
tection ! imputation ! normalization [20]. Automated
frameworks like Preptimize use similar order to reduce
errors ([21]; Fig. 1)

Fig. 1 Preprocessing Pipeline for Eye-Tracking Data

The preprocessing pipeline P is defined as a sequence
of transformations applied to the raw dataset D, produc-
ing a processed dataset D0: P W D ! D0. Each feature
fi 2 F = ff1; f2; : : : ; fmg undergoes a specific sequence
of preprocessing steps Pi .fi /, tailored to its characteristics.
For each feature f, the pipeline is described as:

P.f / = Plimits ı Pfilter ı Psmooth ı Pnorm ı Pout ı Pmv.f /

Where each part P of the pipeline represents the corre-
sponding preprocessing step:

� Plimits for applying feature limits,
� Pfilter for applying Butterworth filter,
� Psmooth for applying smoothing,
� Pnorm for normalization,
� Pout for outlier detection and handling,
� Pmv for missing value detection and handling.

The performance A of Pj is evaluated by classification
accuracy: A.Pj / = Accuracy.Classifier.Pj .F ///. So, the
pipeline P� is determined by maximizing accuracy: P� =
maxPj

A.Pj /. The pipeline provides a modular design for
Eye-Tracking data.

Feature selection is followed by Data Preparation, com-
prising data structure validation, handling of missing val-
ues, and outlier. Data Structure checks and removes errors,
inconsistencies, and number format issues. Missing values
are detected and treated per feature [22, 23], while Outlier
Detection identifies atypical eye movement data points that
could distort results [24]. Normalization then scales fea-
tures to a uniform range for balanced influence [12, 25–27].
Optional steps address Eye-Tracking-specific noise: a Low-
Pass Filter reduces high-frequency fluctuations [10], en-
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Fig. 2 Search space of preprocessing configurations

hancing quality and consistency [9, 28]; thresholding ap-
plies min/max limits to selected features; and Smoothing
via Fourier transformation reduces minor fluctuations to
oultine significant patterns [2, 11].

3.2 Modularization of Preprocessing Pipeline

To enhance the accuracy of classification, we systematically
test and evaluate each step of the preprocessing pipeline.
This involves experimenting with various methods for the
preprocessing steps and evaluating their impact on classi-
fication performance. The variations of each preprocessing
step are displayed in Fig. 2.

The workflow starts with Feature Selection. Table 1
present relevant features based on domain knowledge and
previous literature [17], with a focus on analyzing gaze
behavior, while system-level metrics and metadata, such as
PC CPU values, StimType, and Eventsource, were omitted
as irrelevant to the classification task. To identify which
Eye-Tracking variables are most relevant for predicting
behavior, we utilized Feature Importance. These scores
indicate how much each feature contributes to the clas-

Table 1 Features of Eye-
Tracking Dataset.

Features Description

GazeLeft, GazeRight X and Y coordinates of left and right eye

PupilLeft, PupilRight Pupil size of left and right eye

DistanceLeft, DistanceRight Distance to camera of left and right eye

CameraLeft, CameraRight Camera coordinates of left and right eye

ValidityLeft, ValidityRight Validity of gaze data from left and right eye

Gaze X, Y X and Y coordinates of gaze point

Interpolated Gaze, Distance Interpolated X and Y coordinates and distance of the gaze

Gaze Velocity, Acceleration Velocity and acceleration of the gaze point

Saccade X, Y Rapid eye movements between fixations

Saccade Duration Time it takes to move from one point to another

Fixation Duration Time interval from beginning to the end of a fixation

Fixation X, Y X and Y coordinates of participant’s fixation point

sification decisions, based on the reduction of impurity
(specifically, Gini impurity) across all trees [2].

The first step in the pipeline involves the treatment of
missing values and outliers, as these can significantly skew
results if not properly managed. The methods to be explored
are shown in Table Fig. 3.

Handling missing values (Pmv) is defined as:

Pmv.f / =

8

<̂

:̂

mean.f /; mean imputation

locf.f /; LOCF imputation

f n fmissing; deletion

Outlier Detection and Handling (Pout):
Outliers (Pout) are identified using z-score:
fout = fx 2 f j j´.x/j > ´thresholdg; ´.x/ = x−�

�
,

where �=mean, � = standard deviation.

Pout.f / =

8

<̂

:̂

mean.fout/; imputation with mean

locf.fout/; imputation with LOCF

f n fout; delete outliers
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Fig. 3 Table 2: Methods for Handling Missing Values and Outliers [22,
24, 29]

Fig. 4 Table 3: Normalization Methods [25, 26]

Next, feature scaling and normalization are focussed, es-
sential for ensuring that all features contribute equally to the
classification model. Table Fig. 4 summarizes the scaling
methods under consideration.

Normalization methods (Pnorm) include:

Pnorm.f / =

8

<̂

:̂

f −fmin
fmax−fmin

; Min-Max Scaling
f −�

�
; Z-score

f −median.f /

IQR.f /
; Robust Scaling

Further refinement of the data involves setting thresh-
olds, applying low-pass filters, and smoothing [2]. Table
Fig. 5 details these techniques.

Smoothing (Psmooth) can be applied by using Fourier
Transformation:

Psmooth.f / =

(
F−1.F.f //; smoothing

f; no smoothing

Low-pass filtering (Pfilter) with Butterworth filter:

Pfilter.f / =

(
Butter.f; cutoff; order/; filter

f; no filter

Feature limits (Plimits) ensure data validity:

Plimits.f / =

(
f; if f 2 Œlmin; lmax�

NaN; if f … Œlmin; lmax�

Fig. 5 Table 4: Data Refinement Techniques [9, 11]

3.3 Implementation

To address RQ1 (impact of individual preprocessing steps)
and RQ2 (optimal pipeline), the implementation systemati-
cally tests combinations of preprocessing methods on gaze-
tracking data. Each pipeline configuration is evaluated using
a RandomForestClassifier with three complemen-
tary validation strategies.

� Tools: pandas, numpy, scikit-learn for data
handling and modeling

� Signal Processing: scipy.signal used for filtering
operations

� Data Handling: CSVs are loaded with encoding han-
dling; all values are converted to numeric (non-numeric
! NaN)

� Search Space: 216 possible pipeline combinations (3×
3× 3× 2× 2× 2)+ 1 baseline! 217. Due to the guard
clause in our evaluation code

(if not data.empty and not data.isnull()
.values.any():), we only trained pipelines whose
preprocessed data contained no NaNs and at least one valid
sample. This led to 192 valid configurations; together with
the baseline 193 evaluated setups. The excluded configu-
rations failed because aggressive deletion (missing values,
outliers) in combination with screen boundary limits re-
moved all rows, low-pass filtering or FFT-based smoothing
introduced NaNs on very short segments, or scaling on
constant-variance columns produced invalid values.

Classifier Selection

� Comparison of k-NN, SVM, Decision Trees, Naive
Bayes, Random Forest

� Random Forest showed highest accuracy and robustness,
so using exclusively to focus on preprocessing effects.

Experiment and Data Set

� 30 students from Hochschule Neu-Ulm solved 5 different
exam tasks, with/without cheating.
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Fig. 6 Listing 1: Random Forest training and feature importance ex-
traction

� Data: 150 CSV files (30 students× 5 tasks), collected
via iMotions 5.1, standardized and aligned, see https://
github.com/eyetracking-data/eyetracking_Cheating.git

� Labels: Self-reported indication of cheating.
� Ethical Considerations: Written informed consent

from all participants, GDPR-compliant, anonymized,
securely stored data for research use only, conducted at
Hochschule Neu-Ulm (Fig. 6).

Feature Engineering Calculation of feature importance
(Listing 1):

� Irrelevant features were removed.
� Dropping Rows/columns with excessive mv.
� Numeric features standardized (z-score).
� 80/20 train-test split.
� Random Forest trained with 100 trees.

As a reference point, a baseline pipeline was evaluated
that uses the raw gaze coordinates without preprocessing
steps. Minimal handling of missing values was applied
(row-wise deletion). A Random Forest classifier was trained
on features, and its accuracy was assessed using three val-
idation strategies: 80/20 GroupSplit, 5-Fold GroupKFold,
and Out-of-Bag (OOB) estimation.

Performance with Preprocessing To address missing data,
imputation by mean or LOCF or deletion is done (Listing 2,
Fig. 7).

Outlier detection is implemented using a z-score thresh-
old of 3. Identified outliers are managed by one of three
approaches: replacing them with mean, LOCF, or deleting

Fig. 7 Listing 2: Function to handle missing values in Eye-Tracking
data

rows. The Python function iterates over each column to
calculate z-scores, identifies values exceeding the thresh-
old, and applies the chosen method to handle these outlier
(Listing 3, Fig. 8).

Data Normalization (Listing 4) is carried out by Min-
MaxScaler, which scales features to a specified range; Ro-
bustScaler, which reduces the influence of outliers by scal-
ing data based on percentiles; or StandardScaler, which
standardizes data by centering and scaling it to unit variance
(z-score normalization) (Fig. 9).

The last three steps are optional. First, the application of
feature limits. This ensures that the values of the features
‘Gaze X’ and ‘Gaze Y’ lie within realistic bounds (di-
mensions of a screen, from 0 to 1920 for X and 0 to
1080 for Y), filtering out noisy data points. Second, for
data smoothing, the function applies a Fourier transforma-
tion to reduce noise, which stabilizes the data. Third, the
pipeline includes the option to apply a low-pass filter. This
function filters out high-frequency noise from the data us-
ing a Butterworth filter, which passes signals below a cut-
off frequency and attenuates higher frequencies (Listing 5,
Fig. 10).

Fig. 8 Listing 3: Handling outliers by z-score method
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Fig. 9 Listing 4: Normalization with scaling methods

Fig. 10 Listing 5: Apply screen boundary limits

Once preprocessing is complete, a target label is
assigned to each sample to indicate whether it corresponds
to a “cheating” (1) or “non-cheating” (0) scenario, based on
participants’ self-reports. The load_and_preprocess_
data function iterates through all CSV files, applies the
specified preprocessing steps, and systematically evaluates
different combinations of preprocessing configurations.
This allows us to assess how choices such as missing-value
handling, normalization, or filtering affect model perfor-
mance. For model training, we employ RandomForest,
an ensemble method that builds multiple decision trees
on random subsets of the data and features, then aggre-
gates their predictions (majority voting). To ensure robust
and unbiased evaluation, we apply three complementary
validation strategies, each designed to estimate generaliza-
tion performance while avoiding data leakage (information
from the test set influencing the training process):

1. 80/20 GroupShuffleSplit: The dataset is split into 80%
training and 20% testing data, while keeping all samples
from the same participant (group) in the same split. This
prevents the model from indirectly “seeing” related sam-
ples during training and ensures that the test performance
reflects truly unseen participants.

2. 5-Fold GroupKFold Cross-Validation: The data is di-
vided into 5 folds (partitions) at the group level. In each
iteration, 4 folds are used for training and 1 fold for test-
ing, cycling through all folds. The reported accuracy is
the mean across all folds.

3. Out-of-Bag (OOB) Scoring:When training the Random
Forest, each decision tree is built on a bootstrap sample
(random sample with replacement) of the training data.
On average, about one-third of the samples are not used
to train a given tree; these are the out-of-bag samples.
The model predicts these unused samples during training
for a fast internal performance estimate without explicit
validation set.

While both OOB and explicit validation methods (e.g.,
80/20 hold-out, k-fold cross-validation) estimate generaliza-
tion performance, they differ fundamentally. Explicit splits
partition the data into separate training and testing sets be-
fore training. OOB scoring, is an internal mechanism in
bootstrap-based ensembles: each tree is trained on a boot-
strap sample, and the unused (out-of-bag) samples are used
for evaluation. The final OOB score aggregates predictions
from all trees where a sample was out-of-bag, providing an
efficient built-in performance estimate ([30–32]; Fig. 11).

4 Results and Discussion

This chapter reports the experimental results and their inter-
pretation. A baseline model is established, followed by an
analysis of feature importance. Subsequently, multiple pre-
processing pipelines are compared across validation meth-
ods to identify settings and performance gaps.

4.1 Feature Engineering

The model was trained on eye-tracking features, in-
cluding gaze coordinates, pupil diameter, and camera-
based spatial data. Table 6 ranks features by impor-
tance, especially CameraLeftY, CameraRightY, and
CameraRightX, emerging as most influential. These
capture head position and posture, with vertical (Y-axis)
movements more indicative of cheating-related behavior
than horizontal (X-axis) ones. This likely reflects par-
ticipants looking up or down at off-screen resources.
Interpolated Distance to the screen also ranked
highly, while gaze coordinates (Gaze X, Gaze Y)
were of moderate importance and dynamic measures
(Gaze Velocity, Gaze Acceleration) were neg-
ligible. Applying a 0.02 importance threshold suggests
excluding the latter to simplify the model without loss of
accuracy, underscoring the value of static spatial over rapid
dynamic features (Table 2).

Although only Gaze X and Gaze Y were used in the
main classification for simplicity and comparability, the fea-
ture importance analysis was exploratory and did not guide
feature selection. These results nevertheless indicate that
head position and distance to the screen merit further inves-
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Fig. 11 Listing 6: Random Forest training with three validation strate-
gies

Table 2 Feature Importance of
Classification

Feature Import. Feature Import.

CameraLeftY 0.1051 Int. Gaze Y 0.0357

CameraRightY 0.1036 Gaze Y 0.0351

CameraRightX 0.1015 GazeLefty 0.0314

Int. Distance 0.0942 GazeRighty 0.0291

CameraLeftX 0.0914 Int. Gaze X 0.0290

DistanceRight 0.0750 Gaze X 0.0277

DistanceLeft 0.0741 GazeLeftx 0.0260

PupilLeft 0.0523 GazeRightx 0.0230

PupilRight 0.0451 Gaze Velocity 0.0118

– Gaze Acc. 0.0089

tigation for improving performance or reducing dimension-
ality, while avoiding bias from using the same algorithm
for selection and classification.

4.2 Preprocessing Evaluation

The results presented in this section address RQ1 by eval-
uating the effects of individual preprocessing methods and
RQ2 by comparing the performance of various preprocess-
ing configurations.

The baseline pipeline, which uses raw gaze coordi-
nates without preprocessing, achieved mean accuracies
of 56.67% with 80/20 GroupSplit, 62.00% with 5-Fold
GroupKFold (standard deviation: 8.84%), and 63.33% with
the OOB estimation.

We selected the 5-Fold GroupKFold validation for the fi-
nal analysis because it offers a balanced trade-off between
bias and variance. Compared to a single 80/20 split, it pro-
vides more reliable performance estimates by averaging
across multiple, non-overlapping partitions, while preserv-
ing group integrity to prevent data leakage. Although Out-
of-Bag (OOB) scoring achieved slightly higher mean accu-
racy, it is intrinsically tied to the Random Forest algorithm
and cannot be directly compared across classifiers. The
5-Fold scheme, in contrast, is model-agnostic and widely
accepted as a standard for robust performance evaluation.
For comparison, in table 6 pipelines are grouped into top-
10, mid-10, and bottom-10 performers for each validation
method. OOB achieves the highest mean accuracy in its top
group and maintains more consistent performance across
the ranking. In contrast, the 80/20 split has a wider gap be-
tween top and bottom pipelines, indicating higher sensitiv-
ity to preprocessing choice. Additionally, 95% confidence
intervals were computed for the mean accuracies (Table 3)
using the standard formula ˙1:96 � SD=

p
n with n = 193.

The resulting intervals (˙0:45%–˙0:77%) confirm that the
observed 8.67 pp improvement over the baseline is statisti-
cally significant.
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Table 3 Compact overview of classification accuracy (%). For each method, the mean accuracies of the 10 best, 10 mid-ranked, and 10 worst
pipelines are reported. The two rightmost columns show the overall mean± SD across all 193 pipelines and the corresponding 95% confidence
interval.

Method Top Mid Low Overall 95% CI [±%]

5-Fold 70.67 64.00 54.80 63.60± 3.32 ±0.47

80/20 68.00 60.00 46.67 58.63± 5.46 ±0.77

OOB 73.33 66.00 58.67 65.87± 3.16 ±0.45

Table 4 Top-5 and worst-5 preprocessing pipelines ranked by mean 5-Fold accuracy. Each pipeline is shown as: Missing/Outlier/Normalize/
Limits/Smooth/LowPass.

Top-5 Pipelines Acc. (%) Worst-5 Pipelines Acc. (%)

Mean/locf/minmax/F/F/T 70.67 Locf/delete/minmax/T/F/T 56.67

Mean/locf/minmax/T/F/T 70.67 Locf/locf/minmax/T/T/T 55.33

Delete/mean/robust/F/T/T 69.33 Locf/mean/minmax/T/T/T 54.00

Delete/mean/robust/T/T/T 69.33 Locf/mean/minmax/T/F/T 54.00

Mean/mean/minmax/F/T/T 69.33 Locf/locf/minmax/T/F/T 52.67

Preprocessing Compinations We evaluated N = 193 pre-
processing pipeline configurations using 5-Fold GroupK-
Fold. Table 4 compares the five highest- and lowest-per-
forming preprocessing configurations. Each tuple lists the
selected method for missing value handling, outlier han-
dling, normalization, feature limits, smoothing, and low-
pass filtering. The results confirm that performance varies
strongly depending on the chosen combination, certain set-
tings, frequently appear among the top pipelines, while
poorly aligned combinations can drop accuracy below base-
line.

Statistical Analysis Each pipeline’s mean served as a single
observation in the statistical analysis. We performed: De-
scriptive statistics, Analysis of Top and Worst 25 Pipelines,
Kruskal-Wallis H-tests, and visualisations.

Descriptive Values The 5-Fold accuracy averaged 63.60%
(SD 3.32%, min 52.67%, max 70.67%). The top two
configurations tied at 70.67%, both combining: Missing:
mean, Outlier: locf, Normalize: minmax, Smoothing:
F, LowPass: T, Limits: T or F (no impact on top score),
Feature limits had no effect on the top rank.

Top-25 Pipelines To identify patterns among the highest-
performing configurations, we counted the occurence of
preprocessing methods within the top 25 pipelines ranked
by 5-Fold GroupKFold accuracy (See Fig. 12).

� ForMissing value handling, mean imputation was most
common (60%), followed by delete (40%), while
locf did not appear in any top-performing pipeline.

� For Outlier handling, mean replacement dominated
(56%), with locf (28%) and delete (16%) used less
frequently.

� Regarding Normalization, robust scaling (52%)
slightly outperformed minmax (40%), while zscore
normalization (8%) was rare.

� The factors Limits and Smoothing appeared in both
states (T/F) in roughly equal proportions.

� LowPass filtering was present in 68% of the top-25 pipe-
lines, suggesting a potential performance benefit in com-
bination with other preprocessing steps.

These occurences support the statistical findings: avoid-
ing locf for missing values and zscore normalization,
while preferring robust or minmax scaling and enabling
LowPass filtering, is associated with higher accuracy.

Worst-25 Pipelines To identify recurring patterns among
the lowest-performing configurations, we counted the
occurrence of preprocessing methods within the worst
25 pipelines ranked by 5-Fold GroupKFold accuracy (See
Fig. 13).

� ForMissing value handling, locf imputation was most
frequent (44%), followed by mean (32%) and delete
(24%).

� ForOutlier handling, mean replacement appeared most
often (44%), with delete (32%) and locf (24%) less
common.

� Regarding Normalization, minmax scaling dominated
(72%), while robust (16%) and zscore (12%) oc-
curred far less frequently.

� Feature Limits (T) in the majority of cases (72%), com-
pared to disabled (F) in 28%.

� Smoothing was absent in most low-performing pipelines
(76%), suggesting that omitting this step may contribute
to reduced accuracy.
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Fig. 12 Frequency Analysis in
the Top-25 Pipelines

Fig. 13 Frequency Analysis in
the Worst-25 Pipelines

� LowPass filtering occurred in 60% of the worst-25 pipe-
lines, indicating no consistent benefit when combined
with certain other settings.

These occurrences suggest that pipelines featuring locf
for missing values, minmax normalization, and the ab-
sence of smoothing are more likely to underperform. This
contrasts with the top-performing configurations, where

robust scaling, mean imputation, and smoothing or
LowPass filtering were more prevalent.

Kruskal-Wallis H-test To test whether different preprocess-
ing methods produced significantly different 5-Fold accu-
racies, we applied the nonparametric Kruskal-Wallis H-test
[33]. This rank-based procedure is suitable because the de-
pendent variable (mean 5-Fold accuracy) need not follow
a normal distribution, and group sizes are unbalanced. For
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a factor with k levels, all N observations are pooled, ranked
(average ranks for ties), and the rank sums Rj and sample
sizes nj for each level j are computed. In the H-test formu-
lation, the uncorrected statistic is:

Hraw =
12

N.N + 1/

kX

j=1

R2
j

nj

− 3.N + 1/ ;

with

� N= total number of observations across all levels of the
factor (here: total number of 5-Fold accuracy values
across all pipelines),

� k= number of levels (distinct preprocessing methods for
the factor),

� nj= number of observations in level j,
� Rj= sum of the ranks assigned to the observations in

level j after pooling and ranking all N values together
(ties receive average ranks),

� tm= size of tie group m (number of identical values shar-
ing the same rank).

Because tied values occur frequently in accuracy scores,
we apply the tie correction factor

C = 1 −

P
m.t3

m − tm/

N 3 − N
;

where tm is the size of tie group m. The corrected statistic
is then H = Hraw=C . Under the null hypothesis H0 (equal
population medians across levels),H approximately follows
a �2 distribution with k − 1 degrees of freedom, and the p-
value is the upper-tail probability Pr.�2

k−1 � H/ (Table 5).
The Kruskal-Wallis analysis shows:

� Missing: significant (p < 0:001)—median accuracy dif-
fers between levels; post-hoc tests show locf performs
significantly worse than both mean and delete.

� Normalize: significant (p < 0:05)—robust scaling
outperforms zscore; difference between robust and
minmax not significant.

� Smoothing: borderline significant (p < 0:05), effect size
small.

Table 5 Kruskal-Wallis main
effects on 5-Fold accuracy (with
tie correction). Significant ef-
fects at ˛ = 0:05 in bold.

Factor N k H p-value

Missing 192 3 24.78 4:16 � 10−6

Normalize 192 3 8.10 1:74 � 10−2

Outlier 192 3 1.69 4:29 � 10−1

Limits 192 2 1.55 2:14 � 10−1

Smoothing 192 2 4.94 2:63 � 10−2

LowPass 192 2 0.59 4:44 � 10−1

� Other factors (Outlier, Limits, LowPass): p >

0:05, no significant median differences.

The choice of missing-value handling and normaliza-
tion method exerts the strongest influence on accuracy. In
particular, avoiding locf for missing values and zscore
normalization tends to yield higher performance.

Boxplot Visualisation Figures 14, 15 show the distribution
of 5-fold accuracies for each method option within the pre-
processing steps that showed statistically significant effects.
Each box spans the interquartile range (IQR; 25th–75th per-
centile), with the horizontal line marking the median accu-
racy. The lines extending from the box (“whiskers”) reach
up to 1.5�IQR from the box edges, and points beyond this
range are plotted individually as outliers.

� For Missing (Fig. 14), the median and upper quartile for
mean and delete are clearly above locf, confirming
Kruskal-Wallis results.

� For Normalize (Fig. 15), robust shows the highest
median accuracy, minmax slightly lower, and zscore
lowest, with overlapping IQRs between the first two.

Interpretation The results highlight two main levers for
optimizing pipeline performance: (1) Avoid locf for
missing-value imputation, as it underperforms significantly
compared to mean or delete. (2) Prefer robust or
minmax normalization over zscore. Other preprocess-
ing steps showed no significant independent main effects
here. The selected final pipeline reflects the best trade-off
found: mean missing handling, locf outlier handling,
minmax normalization, no smoothing, low-pass enabled,
and arbitrary limits setting.

5 Conclusion

This study systematically evaluated how preprocessing
pipelines affect the classification performance of Eye-
Tracking data in the context of detecting cheating behavior.
By comparing 193 pipeline configurations across three val-
idation methods (80/20, 5-Fold, and OOB), we addressed
both RQ1 and RQ2 with a focus on statistical robustness
and interpretability.
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Fig. 14 5-Fold accuracy distri-
bution by Missing-value han-
dling method

Fig. 15 5-Fold accuracy distri-
bution by normalization method

Regarding RQ1, the results demonstrate that prepro-
cessing has a measurable impact on model accuracy. The
baseline pipeline (raw gaze coordinates without prepro-
cessing) achieved 56.67% (80/20), 62.00% (5-Fold), and
63.33% (OOB). The best 5-Fold pipelines reached 70.67%,
representing an 8.67% improvement over baseline. Statisti-
cal analysis via Kruskal-Wallis tests identified Missing-
value handling and Normalization as the most influ-
ential factors: avoiding locf and zscore significantly
improved performance. Occurrence analysis of the top
25 pipelines further highlighted the prevalence of mean
imputation, robust or minmax scaling, and LowPass
filtering.

For RQ2, the comparison of validation methods showed
that OOB achieved the highest overall mean accuracy

(65.87%) and most consistent performance. However,
5-Fold was selected as primary evaluation method due
to its model-agnostic nature, lower variance than 80/20,
and widespread acceptance in the literature. The two best-
performing pipelines both achieved 70.67% accuracy and
shared the same configuration except for the Limits
setting: (1) Missing Value: mean, Outlier: locf, Normal-
ization: minmax, Limits: no, Smooth: no, LowPass: yes
(2) Missing Value: mean, Outlier: locf, Normalization:
minmax, Limits: yes, Smooth: no, LowPass: yes. The
80/20 split produced the lowest mean accuracy (58.63%)
and the largest gap between best and worst pipelines.

The Worst-25 analysis revealed common patterns among
low-performing pipelines: locf for missing-value han-
dling occurred most frequently (44%), followed by mean
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(32%) and delete (24%). For normalization, minmax
scaling dominated (72%), with robust and zscore
appearing less often. Smoothing was absent in 76% of
the worst pipelines, while Limits were enabled in 72%.
These trends suggest that omitting smoothing and rely-
ing on locf imputation or minmax scaling in certain
combinations can degrade performance.

The findings confirm that performance gains in Eye-
Tracking classification from well-aligned combinations of
preprocessing steps rather than isolated techniques. Poorly
aligned combinations can underperform a minimal-prepro-
cessing baseline.

Long-term, this work lays the foundation for a mod-
ular preprocessing framework for Eye-Tracking data. By
quantifying both individual and interaction effects of pre-
processing methods, the study supports the development
of standardized, reproducible pipelines for behavioral re-
search.

5.1 Summary

� Baseline performance: 56.67% (80/20), 62.00% (5-Fold),
63.33% (OOB).

� Best 5-Fold pipelines: up to 70.67% accuracy (+8.67 pp
over baseline).

� Two top pipelines differed only in Limits setting; both
used mean missing handling, locf outlier handling,
minmax normalization, no smoothing, and LowPass.

� Significant factors: Missing-value handling (mean or
delete> locf), and normalization (robust/minmax
> zscore).

� LowPass filtering appeared in 68% of top-25 pipelines,
suggesting synergistic effects with other steps.

� Worst-25 pipelines: locf for missing values (44%),
minmax normalization (72%), smoothing absent in
76%.

� OOB achieved highest mean accuracy and consistency;
5-Fold chosen for main analysis due to broader applica-
bility.

� Poorly chosen step combinations can degrade accuracy
below baseline.

5.2 Limitations

This study is subject to several limitations. First, only the
Random Forest classifier was used, selected for its robust-
ness and prior performance; results may vary with other
algorithms. Second, the dataset reflects a specific academic
cheating scenario with students from one institution, lim-
iting generalizability. Third, computational constraints re-
stricted the preprocessing search space to a fixed grid, po-
tentially missing optimal configurations. Finally, although

feature importance was analyzed, it was not used for fea-
ture selection to avoid bias, which may have left unused
potential for further performance gains.

5.3 Outlook On Future Research

Future work will extend the preprocessing framework to ad-
ditional Eye-Tracking datasets, including those from varied
contexts and hardware setups. A follow-up study is planned
to assess the pipeline’s robustness under higher-quality ac-
quisition conditions and different task designs. Cross-do-
main applicability to other physiological signals (e.g., wear-
able sensors) will also be explored, testing the framework’s
scalability to data with similar noise and missingness chal-
lenges.

Further experiments will investigate the sequencing of
preprocessing steps, as their order (e.g., imputation before
vs. after outlier handling) may interact with model perfor-
mance. Advanced imputation techniques, adaptive filtering,
and hybrid normalization schemes will be integrated into
the search space. Incorporating temporal modeling perspec-
tives may also enhance detection of subtle behavioral pat-
terns in time-series eye-tracking data.

The overarching aim remains the creation of a validated,
modular preprocessing architecture adaptable to other Eye-
Tracking datasets while maintaining reproducibility.

All CSV files, validation results, statistical outputs, eth-
ical approval documentation, and implementation code are
openly available in the https://github.com/eyetracking-data/
eyetracking_Cheating.git.
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