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Resumo: Gaming the System (GTS) é um comportamento no qual estudantes buscam avanc
ar em ambientes educacionais, explorando regularidades do sistema, em vez de se en
gajar apropriadamente no processo de aprendizagem. Embora amplamente investigado, o
fendémeno permanece pouco compreendido no dominio de programacdo. Este artigo apres
enta um estudo sobre o comportamento de GTS entre estudantes iniciantes em program
acdo matriculados em uma escola publica rural do Nordeste brasileiro. O estudo ide
ntificou padrdes de comportamento de GTS, desenvolveu e avaliou algoritmos de apre
ndizado de maquina, como detector automatico, e analisou a associacdo entre GIS e c
aracteristicas demograficas, com énfase em género. Os resultados revelaram maltipl
os padroes de GTS, incluindo comportamentos ainda nfo reportados na literatura par
a o dominio de programacdo. 0 algoritmo CART apresentou o melhor desempenho geral,
demonstrando viabilidade para aplicacdo em contextos reais de ensino. A analise de
mografica revelou associacdo estatisticamente significativa entre género e a ocorr
éncia de GTS, sugerindo que fatores contextuais e de desigualdade estrutural influ
enciam a manifestacdo do fenémeno. Esses achados contribuem para a compreensdo do G
TS na Educacdo em Computacdo, evidenciam a necessidade de abordagens de deteccdo s
ensiveis ao contexto sociodemografico e fornecem subsidios para intervengdes pedag
o6gicas voltadas a reducdo de comportamentos improdutivos em populacdes historicame
nte sub-representadas na area.

Palavras—chave: Gaming the System, Programador Novato, Aprendizado de Maquina, Fat
ores Demograficos.

Analyzing Gaming the System Among Novice Programmers: A context
of inequality

Abstract: Gaming the system (GTS) is a behavior in which students seek to advance t
hrough educational environments by exploiting system regularities, rather than ade
quately engaging with the learning process. Although widely investigated, the phen
omenon remains little understood in programming education. This paper presents a s
tudy about GTS behavior among novice programmers enrolled in a public rural school
in Northeastern Brazil. The study identified GTS behavioral patterns exhibited by s
tudents, developed and evaluated machine learning algorithms, as an automatic dete
ctor for this behavior, and analyzed the association between GTS and demographic c
haracteristics, with particular emphasis on gender. The results revealed multiple G
TS behavioral patterns, including patterns not previously reported in the programm
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ing education literature. CART algorithm achieved the best overall performance, de
monstrating viability for deployment in real instructional contexts. Demographic a
nalysis revealed a statistically significant association between gender and GTS oc
currence, suggesting that contextual and structural inequality factors modulate th
e manifestation of the phenomenon. These findings contribute to the understanding o
f GTS in Computing Education, highlight the need for detection approaches sensitiv
e to sociodemographic context, and provide evidence to support pedagogical interve
ntions aimed at reducing unproductive learning behaviors among historically underr
epresented populations in the field..

Keywords: Gaming the system, Novice Programmer, Machine Learning, Demographic Fact
ors.

1. Introduction

In computer—-based learning environments, several undesirable student b
ehaviors have been documented, particularly unproductive help-seeking (Alev
en et al., 2006) and ” gaming the system” (GTS) (Baker et al., 2008). GTS r
efers to attempts to achieve success in an educational environment by explo
iting system features rather than engaging in meaningful learning and apply
ing acquired knowledge to solve problems correctly (Baker e Carvalho, 2008;
Baker et al., 2004). This phenomenon has been observed across a variety of e
ducational contexts and is consistently associated with poorer learning out
comes (Cocea; Hershkovitz e Baker, 2009; Baker et al., 2008; Baker; Mitrovi
c e Mathews, 2010; Richey et al., 2021). Consequently, researchers have dev
oted considerable effort to modeling and automatically detecting GTS behavi
ors using both knowledge engineering approaches (Aleven et al., 2006; Walon
oski e Heffernan, 2006) and machine learning techniques (Baker et al., 2008
; Baker; Mitrovic e Mathews, 2010). Within introductory programming courses
, understanding GTS behaviors is particularly important due to the cognitiv
e demands faced by novice programmers and the growing concern about the pre
valence of these behaviors in programming learning environments (Solyst et a
1., 2021). Despite growing interest in the topic, the literature remains 1i
mited regarding how GTS manifests specifically in programming education. Pr
evious studies have explored the relationship between students’ affective s
tates, observable behaviors, and learning outcomes, identifying gaming the s
ystem
as one of the behaviors associated with lower performance (Rodrigo et al., 2
009). Other research has focused on unproductive help—-seeking among novice p
rogrammers, proposing taxonomies that include behaviors such as requesting h
ints before attempting a task or repeatedly requesting hints within a short
period of time (Marwan; Dombe e Price, 2020). Furthermore, investigations c
onducted in flipped CS1 courses have examined factors associated with inapp
ropriate learning behaviors, including attitudes related to gaming the syst
em, finding results that challenge earlier assumptions regarding the influe
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nce of prior knowledge on these behaviors (Solyst et al., 2021; Baker et al
., 2005).

Although important advances have been made, gaming the system remains insuf
ficiently understood, particularly in introductory programming contexts. Mo
reover, evidence from educational research suggests that demographic charac
teristics may influence both learning outcomes and motivational constructs (
Childs, 2017; Zeldin; Britner e Pajares, 2008). For instance, studies in ma
thematics education have shown that the relationship between hint usage and
academic performance varies according to school context, with different pat
terns emerging in urban and rural environments (Karumbaiah; Ocumpaugh e Bak
er, 2022). Such findings indicate that contextual and demographic factors m
ay also play a relevant role in shaping gaming behaviors. Motivated by thes
e gaps, this study investigates GTS among novice programmers enrolled in a p
ublic rural school in Northeastern Brazil, a region historically characteri
zed by significant social and educational inequalities (Oliveira e Jesus, 2
020). This context presents a distinctive combination of factors: limited p
rior technology access, rural school infrastructure, and regional socioecon
omic disparities that may shape how students interact with computer—based 1
earning environments and, consequently, how and why GTS manifests. We ask w
hether the behavioral patterns, detection features, and demographic correla
tes of GTS in this setting align with or depart from what has been reported
in more studied educational contexts

Accordingly, the study addresses the following research questions: RQ1: Wha
t GTS behavioral patterns are exhibited by novice programmers in a public r
ural school context, and how effectively can these patterns be detected aut
omatically using machine learning? RQ2: What demographic characteristics, p
articularly gender, are associated with GTS behavior among novice programme
rs in this context, and what do these associations suggest about the role o
f contextual and structural factors in the manifestation of GTS?

To answer these questions, we conducted an observational study involving no
vice programmers from a public rural school in Northeastern Brazil, collect
ing interaction data during programming activities. The main contributions o
f this work are threefold. First, we identify and characterize GTS behavior
al patterns exhibited by novice programmers, including patterns not previou
sly reported in programming education contexts. Second, we develop and eval
uate an automatic detection model based on three machine learning algorithm
s: Decision Tree (CART), K-Nearest Neighbors (KNN), and Multilayer Perceptr
on (MLP), with CART achieving the best overall performance.

2. Gaming the system behavior

Research related to detecting unwanted system abuse behavior has mainly foc
used on identifying and characterizing these behaviors. However, it is crit
ical to recognize that, although similar to cheating, abusive behavior is n
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ot necessarily identical to cheating. While abusing the system involves tak
ing advantage of flaws or loopholes present in a system, cheating involves d
irectly violating established rules

Therefore, it is crucial to understand that students who exhibit these beha
viors should not be labeled simply as “abusers” or “cheaters.” They hav
e complex motivations that lead them to act in unproductive or unwanted way
s (Baker et al., 2004). To better understand these motivations, it is neces
sary to investigate who these students are and what the origins of their be
haviors are. This means exploring the underlying motivations that influence
your actions and behaviors within the educational context.

One of the most recent works on variable discovery for detection proposes a
latent variable model for detecting ” gaming the system” behavior based on i
tem response theory (IRT-GD) in the algebra domain (Huang et al., 2022). Th
e model estimates a latent ~ gaming’ tendency for each student, taking into
account contextual factors. These factors include the frequency with which s
tudents play in less common gaming contexts compared to more common context
s, as observed by students’ action patterns and the predictability of huma
n labels. The IRT-GD is based on a previously validated knowledge engineeri
ng game detector (KE-GD), which focuses on students’ action characteristic
s and the predictability of human labels. However, although the study does n
ot explicitly explain the variables considered to implement the detector, t
he authors claim to have used a previously validated knowledge engineering g
aming detector containing 13 interpretable patterns that model (Paquette; C
arvalho e Baker, 2014; Paquette e Baker, 2019) behavior.

3. Research Methods

3.1. Materials

The ADA(https://ada—projeto.vercel.app/) is a web-based learning environmen
t developed to support introductory programming courses. The environment wa
s designed to engage students in structured problem—solving activities whil
e collecting detailed interaction logs that enable the analysis of learning
behaviors, including gaming the system. It is structured around the followi
ng elements: class, sessions, problems, alternatives, attempts, tips, code,
and subjects. A class is associated with some students and problem—solving s
essions. Each problem has four tips and alternatives related to it. Each st
udent can make several attempts to solve the problems.

The environment has several essential features to help students learn progr
amming. One of these resources is the problem solver, which allows the stud
ent to present partial or complete solutions for each proposed problem. Whe
n submitting partial solutions, students answer specific questions about so
lving the problem, while when submitting complete solutions, they have the o
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pportunity to write programming code to solve the problems. Another importa
nt feature of ADA is its tiered tips system.

The tips are organized into different levels, with each level offering prog
ressively specific suggestions on how to proceed at a particular stage of t
he problem. The structure of the tips starts with more abstract levels and p
rogresses to more specific tips until the answer is direct. Students can re
quest hints at any point during the problem. All these aspects enable the e
xtraction of behavioral features for machine learning—based GTS detection.

3.2. Study Design

This study was conducted in the first semester of 2023 and followed an obse
rvational design, in which students’ natural interaction behaviors during p
rogramming activities were recorded and analyzed without experimental manip
ulation of any independent variable. The study took place in a public rural
technical high school located in the interior of Northeastern Brazil, a reg
ion historically characterized by significant social and educational inequa
lities. Participants were students from two second-year technical high scho
ol classes enrolled in a Java programming course (CS2). CS2 students were c
hosen because they were new to programming and had some familiarity with ba
sic concepts. The study was carried out at this time, as the students were a
bout to start learning object—oriented programming in the CS2 course.

3. 2. 1. Participants

The study involved 67 students who participated in all problem—solving sess
ions: 29 from the afternoon class and 38 from the morning class. Of these p
articipants, 35 identified as female and 32 as male, aged between 16 and 21
years. Of these, 61% were white and 39% were of African descent.

3. 2.2 Procedure

The study took place during computer programming classes (sessions). Data c
ollection was carried out over four sessions organized into three phases: p
re—test, problem—solving intervention, and post—test. In the pre—test sessi
on (Session 1), students participated in a 30-minute introductory presentat
ion in which the study objectives were explained, consent forms were distri
buted, and a comprehensive walkthrough of the ADA environment’ s features w
as provided. The remaining 70 minutes of the session were devoted to a prob
lem—solving activity that served as a baseline assessment of students’ 1ini
tial performance.

The intervention phase comprised two additional problem—solving sessions (S
essions 2 and 3), each lasting 100 minutes. Students worked individually, o
ne per computer, in two computer laboratories. During these sessions, three
researchers were present in each laboratory and conducted structured behavi
oral observations. Observers circulated continuously through the lab, codin
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g each student’ s behavior multiple times per session. Specifically, observ
ers recorded the occurrence and nature of GTS behavior following the observ
ation protocol established in prior work (Baker e Carvalho, 2008; Paquette;
Carvalho e Baker, 2014; Baker; Corbett e Koedinger, 2004). Each observer in
dependently coded the frequency and behavioral category of GTS manifestatio
ns, and inter—-rater agreement was assessed.

3.3. Data

Through the study detailed in the previous section, we collected a dataset c¢
omprising 4,492 records of student interactions within the learning environ
ment. A total of 4,492 instances were included in the dataset. Of these, 2
,814 instances (62.63%) were classified as showing no evidence of “gaming t
he system” behavior (Class 0), while 1,678 instances (37.37%) were classif
ied as showing evidence of “gaming the system” behavior (Class 1). . The 1
abeling process utilized a model based on thirteen previously validated pat
terns of ” gaming the system” behavior (Paquette; Carvalho e Baker, 2014),
ensuring the reliability and consistency of the dataset annotations.

<«

However, to use this model it was necessary to understand the concept of
text replays” , which are groupings of up to five sequences of student acti
ons when interacting with the environment. Thus, if a pattern is identified
in the analysis of the data set, all actions involved are labeled as “gami
ng the system” . These text repetitions facilitate efficient classification
and have acceptable reliability (Paquette; Carvalho e Baker, 2014), and hav
e also been previously used to train detectors of the same behavior. In the
first labeling step, coders had a relatively low inter—rater agreement, re
flected by a Cohen’ s Kappa coefficient of 0.42. To improve consistency, a s
econd round of labeling was carried out, where divergences were analyzed an
d discussed, leading to a more aligned interpretation of behaviors. This co
llaborative approach resulted in a significant increase in Cohen’ s Kappa c
oefficient to 0.71. However, it was still considered necessary to improve t
he agreement. Therefore, a third round was carried out to resolve the remai
ning conflicts, culminating in a very satisfactory final coefficient of 0.9
3, indicating a high level of agreement between coders.

After annotating our data set, we conducted a three—stage analysis: pre—pro
cessing, classification, and data evaluation. In pre—processing, we used a t
echnique called cross—-validation. This is a way of training and testing the
model several times on different data, which increases the algorithm’ s abi
lity to generalize and makes the predictions more accurate (Browne, 2000). F
or classification, we employ three algorithms: decision tree, k—nearest nei
ghbors (KNN), and Multilayer Perceptron (MLP) neural networks, based on pre
vious studies such as those by Baker et al. (2008). The implementation was c
arried out using the scikit—learn library. The decision tree was configured
with the CART algorithm, KNN with 3 neighbors, and MLP neural network. For e
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valuation, we analyzed the performance of each algorithm on the training an
d testing subsets using six metrics: area under the ROC curve (AUC), accura
cy, precision, recall, F1 score, and Kappa. A significance level of p < 0.0
5 was applied. AUC evaluates the quality of the model’ s prediction, while p
recision, recall, and Fl1 provide a comprehensive performance assessment. Ka
ppa ensures that the model’ s correct predictions are not random. Accuracy i
s an evaluation metric that measures the overall correctness of a classific
ation model.

4. Results and Discussion

This section presents and discusses the results organized around the two re
search questions defined in Section 1. As mentioned in Section 3.3, we used
the patterns described in the model of a previous work to annotate the data
(Paquette; Carvalho e Baker, 2014), reporting the GTS behavioral patterns i
dentified through observation. However, when we analyzed the application of
this model to the data and functionalities of the ADA environment, we found
that it was not compatible with some standards. This incompatibility stems f
rom the difference between the types of tasks offered by the environment in
which the model was developed and the problem—solving tasks available in th
e ADA environment. Despite this, as the patterns described in the previous w
ork are actually data annotation rules, we realized that patterns 1, 5, 6 a
nd 11 were suitable for our environment. We therefore used them to annotate
the data, and analyze performance in our data context and performance of ou
r classifiers. In what follows, Section 4.1 addresses RQl, discussing the p
erformance of the three machine learning algorithms in automatic GTS detect
ion. Section 4.2 addresses RQ2, presenting the demographic characteristics a
ssociated with GTS behavior, with particular emphasis on gender. Where appl
icable, findings are interpreted in relation to prior work and discussed in
terms of their implications for programming education in socioeconomically v
ulnerable contexts.

4.1. RQ 01: Automatic GTS Detector

To address our first research question, regarding the effectiveness of the p
roposed automatic detector in identifying GTS behavior among novice program
mers, we trained and evaluated three machine learning algorithms (Decision T
ree using CART, KNN, and MLP) on the annotated interaction data from the AD
A environment. The algorithms were evaluated across the four GTS patterns s
elected for this context. The following two tables present the performance o
f each algorithm across 6 metrics: Accuracy, precision, recall, F-measure (
or F1-Score), Cohen’ s Kappa, and ROC.

Table 1. Results of comparing algorithms in training

Algoritm ACU PRE REC FMe KAP ROC
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KNN 0,84 #=0,0 0,84 *=0,0 0,84 *=0,0 0,8 =#=0,0 0,69 =0,0 0,84 *=0,0
02 02 02 02 04 02

CART 1,00 £ 0, 1,00 £0, 1,00 £ 0, 1,00 £ 0, 1,00 £ 0, 1,00 £ 0,
00 00 00 00 00 00

MLP 0,75 =0,0 0,75 =0,0 0,75 =0,0 0,76 =0,0 0,51%= 0,0 0,75=%= 0,0
06 05 05 04 11 06

Table 2. Results of comparing algorithms in test

Algoritm ACU PRE REC FMe KAP ROC

KNN 0,69 =£0,0 0,69 =0,0 0,69 *£0,0 0,70 =0,0 0,39 £0,0 0,69 %=0,0
08 08 08 08 16 08

CART 0,88 =£0,0 0,88 =0,0 0,88 *£0,0 0,8 *=0,0 0,76 £0,0 0,88 %£0,0
07 07 07 07 14 07

MLP 0,71 £0,0 0,71 =£0,0 0,71 £0,0 0,72 =0,0 0,40 £0,0 0,71 %£0,0
05 05 05 10 10 05

Tables 1 and 2 provide an analysis of the performance of three classificati
on algorithms: KNN, CART and MLP, on two distinct data sets: training and t
esting. In the training set, the results indicate that the CART algorithm a
chieved a perfect accuracy of 1.00, while the KNN achieved an average accur
acy of 0.84 and the MLP of 0.75. Furthermore, all metrics, including precis
ion, recall, F-Measure, Kappa, and area under the ROC curve, reflected high
performance for the CART algorithm, with values consistently close to 1. 00.
However, both KNN and MLP also showed satisfactory results in these metrics

In the test set, the results show a similar trend, with the CART algorithm m
aintaining a high average accuracy of 0.88, followed by the MLP with 0.71 a
nd the KNN with 0.69. Likewise, the metrics of precision, recall, F-Measure
, Kappa and area under the ROC curve indicated consistent performance of th
e algorithms, with CART again leading in all categories. In summary, the re
sults suggest that the CART algorithm performed best on both datasets, foll
owed by MLP and finally KNN. Using the Wilcoxon test, we compared the perfo
rmance of the algorithms at a significance level of « = 0.05. In the train
ing phase, we observed a significant difference between the performance of C
ART and KNN (p = 0.022), while there was no significant difference between C
ART and MLP (p = 0.061). In the test phase, there are significant differenc
es between CART versus MLP (p = 0.021) and CART versus KNN (p = 0.021). The
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refore, the CART decision tree algorithm was the best performer, which is w
hy we will analyze the performance of the decision tree on all patterns.

Table 3. Results obtained when applying the decision tree algorithm to the
> gaming the system” pattern (Training)

Pattern ACU PRE REC FMe KAP ROC

PAO1 0.80 £ 0.0 0.75 £ 0.0 0.61 = 0.0 0.67 = 0.0 0.53 = 0.0 0.75 = 0.0
2 5 7 9 4 1

PAO5 0.80 £ 0.0 0.73 £ 0.0 0.62 £ 0.0 0.67 = 0.0 0.54 = 0.0 0.75 = 0.0
1 3 4 1 2 1

PAO6 0.79 £ 0.0 0.72 £ 0.0 0.64 £ 0.0 0.68 = 0.0 0.53 = 0.0 0.76 = 0.0
1 5 3 1 4 1

PA11 0.85 £ 0.0 0.81 £ 0.0 0.67 = 0.0 0.69 = 0.0 0.57 = 0.0 0.83 = 0.0
4 3 8 3 2 1

Table 4. Results obtained when applying the decision tree algorithm to the
" gaming the system” pattern (Test)

Pattern ACU PRE REC FMe KAP ROC

PAO1 0.64 = 0. 0.45 = 0. 0.34 = 0. 0.39 = 0. 0.14 £ 0. 0.57 = 0.
01 03 03 02 07 02

PAOS 0.61 = 0. 0.41 = 0. 0.40 = 0. 0.41 = 0. 0.12 £ 0. 0.56 = 0.
01 01 06 01 03 02

PAO6 0.59 = 0. 0.39 £ 0. 0.38 £0. 0.39 = 0. 0.08 £ 0. 0.54 = 0.
02 04 06 02 01 02

PA11 0.72 £ 0. 0.37 £ 0. 0.42 £ 0. 0.59 = 0. 0.35 £ 0. 0.67 = 0.
01 05 03 04 01 02

Given that the decision tree achieved the best performance, we evaluated th
e performance of this algorithm on each pattern. Tables 3 and 4 present the
results of applying the decision tree algorithm to different behavior patte
rns, both in the training data set and in the test set. In the training set
, we observed that all patterns (PAO1, PA05, PA06 and PA1l1) had a very reas
onable average accuracy, ranging from 0.79 to 0.85. Standard PAl1l had the h
ighest average accuracy, closely followed by PAO1 and PAO5, while PAO6 had t
he lowest average accuracy among the standards analyzed. Regarding precisio
n, all patterns consistently presented values above 0.70, indicating a good
rate of true positives in relation to the total number of positive predicti
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ons. However, we observed a variation in recall metrics, F-Measure, Kappa a
nd area under the ROC curve between the different patterns, suggesting diff
erent degrees of the model’ s ability to correctly identify positive and ne
gative instances, as well as its overall classification ability. In the tes
t set, the results vary more significantly between the different standards
While PA1l maintains a good performance, with an average accuracy of 0.72, t
he other standards (PAO1, PAO5 and PA06) show a drop in their performance m
etrics in relation to the training set. This suggests that the model may be
experiencing difficulties in generalizing its learning to new data, especia
11y regarding less representative patterns. The Kappa metric and the area u
nder the ROC curve also reflect this trend, indicating a reduction in agree
ment between model predictions and true labels

Comparing the results of this research with previous work, in previous work
the authors state that the complete model was applied to the training set, w
here it accurate detected 340 (64.03%) game clips, misdiagnosed 551 (7.07%)
non—-game clips, and obtained a Kappa coefficient of 0.430 (Paquette; Carval
ho e Baker, 2014). In the test set, the model achieved an accuracy of 93 (5
2.54%) gaming clips, while misdiagnosing 210 (8.67%) non—gaming clips, resu
lting in a Kappa coefficient of 0.330. This performance was comparable to B
aker’ s (Baker e Carvalho, 2008) model. In this research, the best algorith
m evaluated was the decision tree CART, achieving a hit rate between 76% an
d 100% in all the metrics evaluated.

4.2. RQ 02: Demographic context

In this section, we present the results of the analysis of three demographi
c variables: gender, age, and race/ethnicity. To analyze the age variable, t
hree age groups were created: group 1 (16-17 years old), group 2 (18-19 yea
rs old), and group 3 (20-21 years old). Figure 1 shows the percentage of st
udents who exhibited gaming behavior according to age group. The highest pr
oportion of gaming behavior was observed among students aged 16-17 years. T
he results revealed that students in group 1 engaged in gaming behavior sig
nificantly more often than students in group 2 ((p<0.05)) and group 3 ((p<0
.05)). Furthermore, students in group 2 also exhibited higher levels of gam
ing behavior than those in group 3 ((p!0.05)). These findings suggest that y
ounger novice programmers are more likely to engage in gaming the system be
haviors. This result is consistent with previous research indicating that m
otivational and self-regulatory skills tend to develop with age and educati
onal experience, reducing the likelihood of maladaptive learning strategies
(Childs, 2017; Zeldin; Britner e Pajares, 2008). Additionally, younger stud
ents may have less experience dealing with academic frustration and may the
refore be more inclined to exploit system features rather than persist in p
roblem—solving activities
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Table 1 presents the frequency of gaming behavior according to race/ethnici
ty. The highest percentage of gaming behavior was observed among students w
ho self-identified as White or Asian (61%). The Mann-Whitney test indicated
that this group engaged in gaming behavior significantly more frequently th
an the other ethnic groups (p < 0.05). Although studies specifically examin
ing race/ethnicity and gaming the system are scarce, previous research has s
hown that demographic and contextual characteristics can influence how stud
ents interact with educational technologies (Karumbaiah; Ocumpaugh e Baker,
2022). Differences in help—seeking patterns, motivation, and engagement hav
e been reported across demographic groups, suggesting that contextual and s
ociocultural factors may shape students’ learning strategies. Therefore, o
ur findings reinforce the importance of considering demographic characteris
tics when investigating gaming behavior, particularly in underrepresented e
ducational settings such as rural schools in developing regions.

H[16,17] [18,19] m[20,21]
52 54

33
22
Percentage of participants Percentage of "Gaming the system"

Figure 1 — Percentage of “gaming” by demographic variable age group.

B Afro-descendants White or Yellow
61 68
39 12
Percentage of participants Percentage of "Gaming the system"

Figure 2 — Percentage of “gaming” by ethnic—racial demographic variable.

W Female Masculine

53

48 47

Percentage of participants Percentage of "Gaming the system"

Figure 3 — Percentage of “gaming” by demographic variable gender.

Table 5 shows the outcomes of the Mann-Whitney test comparing learning gain
s across groups defined by ethnicity (Afro—descendant and White/Yellow) and
gaming behavior (gaming and non-gaming students). Significant differences i
n learning gains were observed across the analyzed groups. In particular, s
tudents who did not engage in gaming the system achieved substantially high
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er learning gains than those who exhibited such behavior, regardless of the
ir ethnic background. These findings are consistent with Figura 1. Percenta
ge of 7 gaming” by demographic variable age group Figura 2. Percentage of ”
gaming” by ethnic-racial demographic variable previous studies reporting th
at gaming the system is generally associated with lower learning outcomes a
nd reduced knowledge acquisition (Cocea; Hershkovitz e Baker, 2009; Baker e
t al., 2008; Baker et al., 2008). The results also suggest that the negativ
e impact of gaming behavior may transcend demographic categories, reinforci
ng the idea that disengagement from productive learning processes is a crit
ical factor affecting student achievement.

Table 5 presents the Mann-Whitney test results examining learning gains acc
ording to gender (female and male) and gaming behavior. Significant differe
nces were found between students who engaged in gaming and those who did no
t, with non—gaming students consistently achieving higher learning gains. F
emale students who did not exhibit gaming behavior showed particularly stro
ng gains compared to their counterparts who engaged in gaming. These findin
gs align with prior research indicating that motivational and self-regulato
ry factors often vary across demographic groups and can influence learning o
utcomes (Zeldin; Britner e Pajares, 2008; Childs, 2017). More importantly, o
ur results reinforce the evidence that gaming the system represents a malad
aptive learning strategy associated with poorer academic performance regard
less of gender (Cocea; Hershkovitz e Baker, 2009; Baker et al., 2008). Tabl
e 6 reports the results for age groups. Students in age group 1 who did not
engage in gaming behavior achieved significantly higher learning gains than
students from all gaming groups. Similarly, students in age group 3 who avo
ided gaming the system outperformed both their gaming counterparts and youn
ger students who exhibited gaming behavior. No statistically significant di
fferences were observed for age group 2. These findings suggest that the de
trimental effects of gaming the system may be particularly pronounced among
younger learners. This interpretation is supported by studies indicating th
at younger students tend to possess less developed self-regulation and meta
cognitive skills, making them more vulnerable to ineffective learning strat
egies (Childs, 2017). Furthermore, the results corroborate previous researc
h showing that gaming the system is negatively associated with learning gai
ns and may hinder the development of deeper conceptual understanding (Baker
et al., 2008; Cocea; Hershkovitz e Baker, 2009; Baker; Mitrovic e Mathews, 2
010). Taken together, these findings highlight that although demographic ch
aracteristics may influence how gaming behavior manifests, the behavior its
elf remains consistently associated with lower learning gains across differ
ent groups.

Table 5. Results of Mann—-Whitney test for comparison of learning gain by ge
nder and learning gain by age group and” gaming the system” behavior.

V. 24 N°1, setembro, 2026 RENOTE
DOI:




67

r CINTED-UFRGS Revista Novas Tecnologias na Educagéo
No game / Gam Female Male Age gr Age gro Age gro Afrodesce White/Y
e oup 1 up 2 up 3 ndant ellow
Female p<0. 05 p<0. 05 - - - - _
Male p< 0.05  p<0.05 - - - - _
Age group 1 - - p=0.05 p<0.05 p<0.056 — -
Age group 2 - - p=03 p=0.3 - - -
1
Age group 3 - - p <00 - - - -
5
Afrodescendan - - - — - p < 0.05 p < 0.05
t
White/Yellow - - - - - p < 0.05 p < 0.05

Table 2 presents the frequency of gaming the system behavior according to g
ender. Descriptive statistics indicate differences in the distribution of g
aming behavior between female and male students, with 52% of the identified
gaming cases occurring among female students. However, the Mann-Whitney tes
t revealed that male students engaged in gaming behavior significantly more
frequently than female students (p < 0.05). This finding is consistent with
previous research suggesting that gender differences may influence motivati
onal, affective, and self-regulatory processes in educational settings (Zel
din; Britner e Pajares, 2008; Childs, 2017). Studies have reported that fem
ale students often exhibit higher levels of persistence and constructive he
lp—seeking behaviors, while male students may be more likely to adopt less p
roductive strategies when facing learning difficulties (Aleven et al., 2006
). In the context of computing education, affective and behavioral factors h
ave been shown to influence students’ engagement and performance during pr
ogramming activities (Rodrigo et al., 2009). Moreover, previous studies on g
aming the system have highlighted the role of motivation and help—seeking p
atterns in the emergence of this behavior (Baker et al., 2008; Aleven et al
., 2006). Therefore, the greater frequency of gaming behavior observed amon
g male students may reflect differences in how learners respond to challeng
es and interact with support mechanisms available in the learning environme
nt.

5. Conclusion
This study investigated gaming the system behavior among novice programmers
enrolled in a public rural school in Northeast Brazil through an observatio
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nal research design. Machine learning—based detection of GTS proved viable i
n introductory programming contexts, with CART algorithm achieving the best
overall performance, an inherently interpretable model suitable for deploym
ent in real instructional settings. The behavioral analysis revealed multip
le GTS patterns, including patterns not previously reported in programming e
ducation, extending the characterization of this behavior beyond the domain
s in which it has been most studied. Demographic analysis revealed statisti
cally significant associations between GTS and gender, age, and ethnic back
ground, reinforcing the argument that contextual and structural factors mod
ulate how GTS manifests and that detection approaches must be sensitive to s
ociodemographic context. Students who exhibited GTS also achieved lower lea
rning gains than their non—gaming peers (Cocea; Hershkovitz e Baker, 2009; B
aker et al., 2008; Baker et al., 2008), strengthening the case for timely a
nd targeted intervention.

The three main contributions of this work are: (i) the identification and c
haracterization of GTS behavioral patterns among novice programmers, includ
ing previously unreported patterns in this domain; (ii) the development and
evaluation of an automatic detection model based on CART, KNN, and MLP, wit
h CART achieving the best overall performance; and (iii) an in—depth demogr
aphic analysis revealing how structural and contextual factors shape GTS ma
nifestation in underrepresented educational settings. As future work, compa
rative studies involving students from different schools, regions, and soci
oeconomic contexts are needed to assess the generalizability of the behavio
ral patterns and detector performance. The novel GTS patterns identified he
re should be investigated in other programming education contexts, and dete
ction approaches explicitly sensitive to sociodemographic student profiles s
hould be developed.
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