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Abstract. In contemporary society, the ability to understand and interpret data 
has become a fundamental skill. Regardless of STEM or non-STEM fields, all 
individuals is expected the minimum level of stochastic literacy. This study ex-
amined Non-STEM students’ base-rate reasoning, their attitudes toward statis-
tics, and the potential of artificial intelligence (AI) to support the analysis of 
students’ explanations. There participated 105 students, from the University of 
Novi Sad (non-STEM: Law, Economics) during regular classes. They solved a 
base-rate task, provided written explanations, and completed a attitude ques-
tionnaire. Responses were coded into six categories reflecting correctness and 
explanation type. Overall, 41% of students answered the task correctly, with no 
significant differences by faculty or gender. However, almost half of the partic-
ipants chose the same wrong option. Students of the Faculty of Economics were 
more likely to provide explanations (70%) compared to law students (25%). 
When considering only responses with explanations, a significant gender differ-
ence was found, with male students more likely to provide correct probability-
based reasoning, while female students more often relied on equiprobability ex-
planations. Attitude measures showed generally positive orientations although 
self-efficacy was weaker. AI-based (ChatGPT) coding of explanations gives re-
sults comparable to human classification and shows its potential for identifying 
misconceptions, albeit with certain limitations. Findings emphasize the need to 
strengthen probabilistic reasoning and statistical self-efficacy among Non-
STEM students, while also pointing to AI’s potential as a research and peda-
gogical tool. 

Keywords: probabilistic reasoning, base-rate reasoning, attitudes toward statis-
tics, non-STEM students, AI-assisted coding of explanations 

1 Introduction 

In contemporary society, possessing a basic level of stochastic literacy, encompassing 
knowledge of probability and statistics, is essential not only for professional purposes 
but also for personal decision-making (Kapler et al, 2021; 16]. The ability to correctly 
interpret and evaluate data is increasingly important across diverse fields, extending 
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beyond traditionally STEM-oriented professions. Even for students in non-STEM 
disciplines, foundational competencies in probability and statistics are crucial for 
informed reasoning and critical evaluation of information [16, 19]. 

The present study examined the extent to which non-STEM students are able to 
solve a task that can be regarded as a measure of basic stochastic literacy at the ele-
mentary level. In addition to selecting an answer, students were asked to provide writ-
ten explanations in order to gain deeper insight into their reasoning processes. This 
task is also widely recognized as a diagnostic measure of the base rate neglect mis-
conception (also referred to as base rate bias or insensitivity to prior probabilities) 
occurs when a base set or some other important information is neglected. Instead of 
considering the base rates, conclusions are typically drawn from the descriptive de-
tails presented in a task, even though such information is insufficient for making an 
accurate judgment. A common misconception is that if the description of a case ap-
pears to fit one category more closely, then the likelihood of belonging to that catego-
ry must be higher (Kapler et al., 2021; 14, 15]. When a description does not clearly 
correspond to any category, individuals are often prone to the equiprobability bias, the 
belief that all possible outcomes are equally likely. In these cases, the base rate is 
again ignored, leading to erroneous probabilistic reasoning [10]. 

Beyond assessing students’ susceptibility to base rate neglect, the study also ex-
plored their attitudes toward statistics, including the perceived importance of statis-
tics, self-assessed knowledge, trust in data and media, and motivation to improve their 
statistical competence. Finally, in the third part of the study, we investigated the po-
tential of artificial intelligence (ChatGPT) to support the analysis of students’ expla-
nations and to evaluate its possible role as a tool for identifying and addressing mis-
conceptions related to probabilistic reasoning. Based on these considerations, the 
present study addresses three research questions concerning students’ base-rate rea-
soning, their attitudes toward statistics, and the potential role of AI in analyzing stu-
dents’ explanations. 

1.1 Research Questions 

RQ1. To what extent do non-STEM students correctly solve a probability task, and 
how prevalent are base-rate neglect and the equiprobability bias in their written ex-
planations? 

RQ2. What levels and patterns characterize students’ attitudes toward statistics 
across the four subscales: Value/Utility, Self-efficacy, Skepticism, and Motivation 
to Learn? 

RQ3. Can an AI-based tool (ChatGPT) reliably code students’ explanations against 
the human coding scheme? 

All analyses were conducted with group comparisons by faculty (Law vs. Econom-
ics) and gender. Because non-STEM programs are heterogeneous, meaningful differ-
ences may exist within this population; in our study, Law and Students of Economy 
follow substantially different curricula, so faculty-based contrasts were explicitly 
examined. 
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2 Literature Review 

Decision-making in both daily practices and broader social and political contexts 
often relies on data analysis, highlighting the importance of data interpretation for 
fostering informed and active citizenship [5, 17, 20]. In many domains such as for 
example public health and climate change, misinterpretations of data can lead to se-
vere and far-reaching consequences [8, 23]. Across many professional fields, the 
competence to accurately analyze and interpret data is regarded as essential, and pro-
fessional associations, governmental bodies, and scholarly work alike stress the im-
portance of cultivating these competencies [1, 7]. In this regard, familiarity with the 
fundamental concepts of probability and statistics is necessary for citizens, regardless 
of their professional background to participate actively in society and make sound 
decisions. 

Although critical data literacy is fostered at all stages of education, higher educa-
tion students, as future leaders and decision-makers, are expected to develop stronger 
knowledge and greater confidence in applying these skills. Previous research has 
explored misconceptions related both to probability and to statistics. Some of the 
results of studies conducted in fields such as banking, investment, auditing, manage-
ment, insurance, and healthcare suggest that even highly educated adults often face 
difficulties when interpreting information and making judgments under uncertainty 
[3, 4, 11, 15].   

Research by Khazanov and Prado [18] indicated that nearly four out of five univer-
sity students enrolled in disciplines such as accounting, business, liberal arts, and 
mental health exhibited difficulties with probabilistic reasoning, particularly showing 
susceptibility to the equiprobability bias. Similarly, Hirsch and O’Donnell [12] re-
ported that approximately three-quarters of students, predominantly from psychology 
but also across other fields, struggled with probability misconceptions. In such cases, 
individuals often resort to intuitive strategies or heuristics, which, while common, 
frequently lead to systematic errors in reasoning [13].  

In the Serbian context, base rate neglect has been examined among STEM stu-
dents, specifically engineering students, where around 35% were found to be prone to 
this type of misconception [17]. The study by Kaplar et al. [17] offers a useful point 
of reference for the present work because it employed the same base-rate task under 
equivalent testing conditions and procedures, allowing direct comparability of find-
ings. Research on Serbian Non-STEM students to date has focused primarily on their 
interpretation of visually presented data, most notably the accurate reading of the 
arithmetic mean and standard deviation (Luzanin et al., 2022). In a cross-cultural 
design comparing Serbian STEM and Non-STEM students with STEM and Non-
STEM students from Kent State University (USA), Luzanin et al. (2022) reported that 
Serbian Non-STEM students performed worse in interpreting the arithmetic mean 
than both Serbian STEM students and their STEM and Non-STEM peers from the 
U.S. Taken together, these studies motivated an examination of how Non-STEM stu-
dents tackle probability-based tasks that index elements of stochastic literacy.  
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The overarching aim of such investigations is to identify potential weaknesses in 
general education and to highlight curricular areas where targeted improvement is 
warranted. This is particularly important given that previous research has shown that, 
even when students achieve high performance on probability tests, they often lack a 
deeper understanding of fundamental concepts, especially when making judgments 
about uncertain events in real-life contexts [9, 24]. At the same time, numerous stud-
ies highlight that carefully designed courses in probability and statistics can play an 
essential role in addressing these difficulties [6, 10, 11, 21]. These studies recommend 
emphasizing students’ prior experiences, incorporating experimental and frequency-
based approaches, and fostering intuitive understanding of probability concepts. Such 
strategies have been shown to reduce the likelihood of misconceptions and underscore 
the importance of instructional methods in shaping statistical reasoning. 

Students’ explanations provide valuable insights into their reasoning, yet analyzing 
large volumes of written responses is time-consuming, which is why artificial intelli-
gence is increasingly being considered as a supportive tool in this process. Previous 
studies show that large language models can make a significant contribution to data 
analysis, but their role remains primarily supportive. McClure et al. [22] emphasize 
that the accuracy of AI coding is often comparable to, and in some cases higher than, 
human performance in deductive tasks, especially when the instructions are clearly 
defined. However, researchers’ experiences also highlight certain limitations: Yan et 
al. [26] point out that AI can accelerate analysis, but its lack of reliability and deeper 
contextual understanding requires human validation. Williams [25] further warn about 
ethical and methodological challenges, such as hallucinations and the absence of theo-
retical grounding in interpretation. The common conclusion across these studies is 
that AI can enhance the speed and scope of data processing, but the human researcher 
remains essential to ensure accuracy and meaningful analysis. 

3 Methodology 

3.1 Sample 

The sample consisted of undergraduate students from the University of Novi Sad 
(Table 1). Data were collected during regular class sessions. All students from the 
Faculty of Economics reported having passed at least one exam in probability and 
statistics at the time of testing. Participation in the study was voluntary, and all partic-
ipants were informed about the aims of the research and provided their consent prior 
to participation. 

Table 1. Sample distribution by gender and faculty 

Faculty Female Male Total 
Faculty of Economics – Subotica 28 9 37 
Law Faculty – Novi Sad 39 29 68 
Total 67 38 105 
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3.2 Procedure 

The study was conducted using a structured test consisting of several components. 
First, students provided demographic information. They were then asked to solve a 
probability task designed to assess base rate neglect and elements of statistical reason-
ing. In order to gain deeper insight into students’ reasoning processes, participants 
were instructed to provide written explanations for their answers. The test further 
included a questionnaire on students’ attitudes toward statistics, measured through 
Likert-scale items. Finally, students’ open-ended responses were analyzed using 
an AI-based tool to explore the extent to which artificial intelligence can support the 
identification and understanding of misconceptions related to base rate neglect. 

Statistical literacy through base rate neglect 

As part of the study, participating non-STEM students were presented with a proba-
bility task (Fig. 1) that required them to reason about base rates in order to reach the 
correct solution. This task can be considered a component of statistical literacy, as it 
involves applying basic probabilistic reasoning to everyday contexts. At the same 
time, it is commonly used in the literature on cognitive biases as a diagnostic measure 
of the base rate neglect misconception, which occurs when individuals give insuffi-
cient weight to prior probabilities in favor of more salient but less relevant infor-
mation. 

 
Fig. 1. Example of a probability problem illustrating base rate neglect and elements of statisti-

cal literacy (Figure generated with an AI-based tool) 

In the present study, the task was administered before the attitude questionnaire, al-
lowing us to examine both the correctness of students’ responses and the types of 
justifications they provided. Focusing on a non-STEM student population provided an 
opportunity to explore statistical reasoning and misconceptions in a group with typi-

295



cally less formal training in mathematics and statistics, but whose professional com-
petence increasingly requires data-informed decision-making. 

Coding of Students’ Explanations 

Students’ responses to the base rate task were categorized using a coding scheme 
that distinguished between accuracy of the answer and the presence and type of ex-
planation. The first digit indicates whether the answer itself was correct (1) or incor-
rect (0). The second digit specifies the type of explanation: 

• 0 – no explanation provided, regardless of correctness of the answer. 
• 1 – explanation consistent with a key misconception (equiprobability bias: 

reasoning that two outcomes must be equally likely simply because they are 
two). 

• 2 – alternative explanation that is incorrect or not based on probabilis-
tic/statistical principles. 

• 1 (with correct answer) – explanation based on probability/statistical prin-
ciples. 

• 2 (with correct answer) – explanation accompanying a correct response but 
not grounded in probability/statistical reasoning. 

Accordingly, the six possible categories were: 

• 00 – Incorrect answer without explanation. 
• 01 – Incorrect answer with equiprobability bias explanation. 
• 02 – Incorrect answer with alternative incorrect explanation. 
• 10 – Correct answer without explanation. 
• 11 – Correct answer with probability/statistics-based explanation. 
• 12 – Correct answer with explanation not based on probability/statistics. 

This scheme allowed us to differentiate between accuracy, presence of reasoning, 
and the type of reasoning students employed, thereby providing deeper insight into 
the nature of misconceptions such as base rate neglect and equiprobability bias. 

Attitudes toward statistics 

Attitudes were assessed with 9 items on a 5-point Likert scale (1 = strongly disagree, 
5 = strongly agree). Guided by content and reliability screening, we formed four sub-
scales and computed scale scores as the mean of available items (minimum half of 
items present). Item 2 was reverse-coded (6 − response) so that higher scores reflect 
greater skepticism. Higher scores indicate more of the construct.  The items used in 
this questionnaire were previously validated and applied in two studies [16, 19]. The 
subscales shown in Table 2 were tested. 
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Table 2. Attitude toward statistics subscales with items and reliability coefficients 

Subscale Items (abbrev.) Cronbach’s α 

Value/Utility 
(VU) 

STATS_IMPORTANCE — “It is important to possess 
basic knowledge of statistics, regardless of profession.” 
CRITICAL_EVALUATION — “The statistical 
knowledge I possess helps me critically evaluate re-
search findings.” 
PROFESSION_IMPORTANCE — “Statistics is essen-
tial for the profession I have chosen.” 
PERSONAL_USAGE — “I use my knowledge of sta-
tistics to better interpret data.” 

0.72 

Self-efficacy 
(SE) 

STATS_EDUCATION — “During my education, I 
studied enough statistics.” 
KNOWLEDGE_SATISFACTION — “My knowledge 
of statistics is satisfactory.” 

0.71 

Skepticism 
(SK) 

MEDIA_TRUST_R — “I trust research reported in the 
media.” (reverse-coded) 
MISUSE — “Statistics are often misused.” 

0.46 

Motivation 
to Learn 

IMPROVE_STATS — “I would like to improve my 
knowledge of statistics. — 

Note: MEDIA is reverse-coded (Item 2; 6 − response). 

AI-Supported analysis of student reasoning in base rate tasks 
 

In the third part of the study, we focused on students’ written explanations accom-
panying their answers to the base rate neglect task. These justifications were subjected 
to qualitative coding in order to categorize types of reasoning. The coding scheme 
distinguished between correct probability-based reasoning and several types of mis-
conceptions (e.g., equiprobability bias, alternative incorrect explanations, or responses 
without justification). 

To complement the manual categorization, students’ responses were also processed 
using an AI-based tool, with the aim of examining whether artificial intelligence can 
reliably identify reasoning patterns and misconceptions. This dual approach allowed 
for both human-coded and AI-supported perspectives, providing a richer understand-
ing of students’ reasoning processes and exploring the potential of AI to support edu-
cational research in addressing misconceptions such as base rate neglect. 

4 Results and discussion 

4.1 Statistical literacy through base rate neglect 

Distribution of responses to the base rate task by faculty is shown in Figure 2. 
Overall, 41% of students provided the correct solution to the base rate task, with 43% 
of students of the Faculty of Economics and 40% of law students responding accu-
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rately (Table 3). Across both faculties, approximately half of the students (around 
50%) selected the 50% response option. This pattern suggests that nearly every sec-
ond student was inclined toward the equiprobability bias, a misconception reflecting 
the belief that when two outcomes are possible, they must be equally likely [10]. 

 
Fig. 2. Distribution of responses to the base rate task by faculty 

A chi-square test revealed no statistically significant differences in accuracy be-
tween the two faculties, χ²= 0.12, p = 0.724. Likewise, gender differences were not 
significant, χ² = 0.15, p = .698. These findings are comparable to the results reported 
by Kaplar et al. [17], where approximately 65% of engineering students correctly 
solved the same problem. Taken together, the results suggest that while misconcep-
tions are present among both STEM and non-STEM students, they tend to be some-
what more pronounced among non-STEM students.  

 
Table 3. Correct and incorrect responses by faculty and gender with chi-square results 

Category Group  Correct Incorrect Total χ² p 
Faculty 

 
Economics  16 21 37 

0.12 0.724 
Law  27 41 68 

Gender 
 

Female 26 41 67 
0.15 0.698 

Male 17 21 38 
 
It might have been expected that students of the Faculty of Economics would per-

form better on this type of task, given that all of them had completed at least one 
course in probability and statistics. However, this was not the case. This finding 
aligns with previous research suggesting that misconceptions may persist regardless 
of formal education or the number of completed courses [9, 24]. The presence of such 
misconceptions is often rooted in incorrect intuitive reasoning rather than a simple 
lack of knowledge. Consequently, addressing these issues requires targeted instruc-
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tional strategies and carefully designed practice integrated throughout the educational 
process [6, 10, 11, 21].  

4.2 Analysis of students’ explanations 

Providing explanations in problem-solving tasks can serve as an indicator of how 
deeply students engage with the task and the extent of their genuine involvement. 
Prior research [16] has shown that students who offer explanations tend to achieve 
higher test scores. Providing explanations also was discussed by Attali et al. [2] who 
argue that the ability to articulate reasoning reflects a willingness to thoughtfully en-
gage with the task, whereas a correct response alone may sometimes result from mere 
guessing. In the current study only about 40% of non-STEM students provided an 
explanation for their response to the base rate task (Table 4), which is lower compared 
to STEM students in earlier studies, where approximately 56% offered justifications 
(Kapler et al., 2021).  

In the present study, the largest proportion of students (40%) fell into category 00, 
which represents incorrect answers without any explanation (Table 4). Of the total 
sample, 21% were able to select the correct response and provide a correct justifica-
tion, whereas in a comparable study with STEM students this proportion was higher, 
at 32% [16]. Approximately 20% of participants were classified in category 01, where 
the explanations clearly reflected base rate neglect and the associated equiprobability 
bias. Illustrative responses from this category included: 

“The chances are 50% because the worker could be either an IT engineer or a 
lawyer.” 
“There are two options, so the probability must be 50–50%.” 
“Since the worker was chosen randomly, the chance is equal for both professions.” 

According to previous literature, such explanations provide strong evidence for the 
presence of base rate neglect, specifically the equiprobability bias [10]. One possible 
reason for the persistence of this misconception may even be prior education, since 
many introductory courses in probability and statistics often rely on examples with 
equally likely outcomes, such as coin tosses or dice rolls [6, 10, 11, 21]. Taken to-
gether, these findings suggest that nearly half of the participants in our study may 
potentially hold the equiprobability bias, with approximately 20% providing explana-
tions that explicitly confirm this misconception. 

Table 4. Distribution of student’ answers and explanations by faculty and by gender (cells 
show n and %; includes 00 & 10 and aggregates). 

Type   Group 00 01 02 10 11 12 
Without 

explanation 
(00+10) 

With 
explana-

tion 
(01+02+
11+12) 

N 
(total) 
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Fa
cu

lty
 Economics  

8 
(21.6%) 

12 
(32.4%) 

1 
(2.7%) 

3 
(8.1%) 

12 
(32.4%) 

1 
(2.7%) 

11   
(29.7%) 

26          
(70.3%) 

37 

Law  
33 

(48.5%) 
7 

(10.3%) 
1 

(1.5%) 
18 

(26.5%) 
9 

(13.2%) 
0 

(0.0%) 
51   

(75.0%) 
17           

(25.0%) 
68 

G
en

de
r    Female 

21 
(31.3%) 

18 
(26.9%) 

2 
(3.0%) 

12 
(17.9%) 

13 
(19.4%) 

1 
(1.5%) 

33   
(49.3%) 

34           
(50.7%) 

67 

Male 
20 

(52.6%) 
1 

(2.6%) 
0 

(0.0%) 
9 

(23.7%) 
8 

(21.1%) 
0 

(0.0%) 
29   

(76.3%) 
9            

(23.7%) 
38 

Note. Percentages are row-wise within each group over all responses. ‘Without explanation’ = 
00+10; ‘With explanation’ = 01+02+11+12. 

Additionally, students from the Faculty of Law were more often classified in cate-
gories 00 and 10 (answers without explanation), while students of the Faculty of Eco-
nomics more frequently provided justifications. A chi-square test confirmed a signifi-
cant faculty difference (χ² = 20.31, p < .001) about 70% of students of economics 
gave an explanation, compared to only one quarter of law students. This shaped the 
category distribution, with students of economics equally divided between 11 (correct 
with explanation) and 01 (incorrect with equiprobability bias) at 32.4% each, whereas 
law students most often fell into 00 (incorrect without explanation) (Fig. 3).  

 
Fig. 3.  Distribution of students’ explanations across response categories by faculty 
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Gender differences were also significant, χ² = 7.34, p = .0068, where roughly half 
of female students provided an explanation, compared to less than one quarter of 
males (Figure 4). When only responses with explanations were considered, a signifi-
cant gender difference emerged (Figure 5). Female students were more frequently 
classified in category 01 (incorrect answer with equiprobability bias explanation), 
whereas male students were more often placed in category 11 (correct answer with 
correct explanation). Male students more frequently provided correct answers with 
explanations, and this difference was confirmed as statistically significant (χ² = 4.43, 
p = .035) when responses with explanations were considered. 

 

 
Fig. 4.  Distribution of students’ explanations across response categories by gender 

 
 

 
Fig. 5. Distribution of students’ explanations across response categories by gender (exclud-

ing categories 00 and 10). 
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These findings indicate that, although no statistically significant differences 

emerged in the overall choice of options (a, b, or c), a closer analysis of students’ 
explanations reveals meaningful distinctions. Students of economics were more in-
clined to provide justifications for their answers and, compared to their peers from the 
Faculty of Law, significantly more often selected the correct option accompanied by a 
valid explanation (code 11). In terms of gender, female students more frequently pro-
vided explanations overall, but male students were more likely to give correct proba-
bility-based explanations. 

Sections 4.1 and 4.2 together provide the answer to RQ1: about 40% of non-STEM 
students solved the base-rate task correctly, while nearly half showed the equiproba-
bility bias, with faculty and gender differing mainly in how students explained their 
answers. 

4.3 Attitudes toward statistics 

Table 5 presents the descriptive statistics for all items across the four subscales of 
attitudes toward statistics. Overall, the mean values suggest moderately positive atti-
tudes, with the highest means observed for items reflecting the value and utility of 
statistics, as well as students’ motivation to improve their knowledge and concerns 
about statistical misuse. Items related to self-efficacy yielded somewhat lower means, 
indicating that many students do not fully perceive their current knowledge as satis-
factory. 

Table 5. Descriptive overview of students’ responses to attitude items toward statistics 

 

When compared to STEM students, no substantial difference was observed for val-
ue and utility of statistics (Mean = 3.99; Mode = 4), where responses were nearly 
identical [16]. Regarding students’ motivation to improve their statistical knowledge, 
non-STEM students expressed somewhat lower interest than their STEM peers (Mean 
= 3.99; Mode = 5), although they still demonstrated a moderate willingness to en-
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hance their skills. Finally, with respect to the belief that statistics are often misused, 
both STEM (Mean = 3.92; Mode = 5) and non-STEM students expressed similarly 
high levels of agreement, suggesting a shared perception that misuse of statistics is 
widespread. 

When considering the mode values, additional nuances emerge. For several items 
(e.g., Importance of statistics and Misusage of statistics), the mode was 4, indicating 
that the most frequent response leaned toward agreement, even when the overall mean 
was somewhat lower. By contrast, items such as Statistical education had a mode of 2, 
showing that the most common response clustered around disagreement.  

Interestingly, when comparing STEM and non-STEM students, only minor differ-
ences were observed for items related to Statistical education 
(STEM_Education_Mean = 2.12; Education_Mode = 1) and Media trust 
(STEM_Media_Mean = 2.36; Media_Mode = 3) [16]. Taken together, these findings 
indicate that both groups similarly rate their statistical knowledge as insufficient and 
report limited exposure to statistics during their education. At the same time, both 
STEM and non-STEM students demonstrated low trust in research reported by the 
media, suggesting awareness of potential misuse of statistics, while still recognizing 
the broader importance of statistical knowledge. 

Table 6. Comparison of Law and Economics Students’ Attitudes Toward Statistics 

Item Subscale Mean- Faculty 
of Low 

Mean- Faculty of 
Economic U p-

value 

PROFESSION_IMPORTANCE Value/Utility 2,66 3,92 487 <0.001 

STATISTIC_EDUCATION Self-efficacy 2,54 3,68 614 <0.001 
KNOWLEDGE_SATISFACTIO

N Self-efficacy 2,85 3,32 901,5 0,0127 

MEDIA Skepticism 2,29 2,81 886 0,0077 

MISUSAGE Skepticism 3,79 3,3 1595,5 0,0167 

IMPR Motivation 3,46 3,86 974,5 0,0491 
 

Mann–Whitney U tests were conducted for nine items to examine potential differ-
ences between students of the Faculty of Law in Novi Sad and the Faculty of Eco-
nomics in Subotica. As shown in Table 6, statistically significant differences emerged 
for six of these items. Students of the Faculty of Economics reported higher scores 
on Profession Importance, Statistic Education, Knowledge Satisfaction, Media trust, 
and Motivation to improve, whereas students of the Faculty of Law expressed strong-
er agreement with the statement that statistics is often misused. For the remaining 
three items, no significant differences were observed.  
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When comparing responses by gender, Mann–Whitney U tests revealed no statisti-
cally significant differences across any of the items. In summary, the findings suggest 
that students from the Faculty of Economics generally demonstrate more positive 
attitudes toward the value, personal relevance, and acquisition of statistical 
knowledge, whereas law students are more inclined to perceive statistics as frequently 
misused. Importantly, no gender-based differences were detected, indicating that 
these attitudes are more strongly shaped by academic context than by gender. 

Findings for RQ2 show that students’ attitudes toward statistics vary across the 
four subscales, with value and utility rated relatively high, while skepticism and low 
self-efficacy remain notable concerns. 

4.4 AI in Analyzing Student Reasoning 

To examine the consistency between human and AI coding, Cohen’s kappa was cal-
culated, yielding a value of κ = 0.85. This value indicates a high level of agreement, 
while the percentage agreement was 88.6%. The findings suggest a stable correspond-
ence between the two coding approaches, although some discrepancies remain that 
require further analysis and consideration. 

Two systematic patterns of disagreement emerged. In nine cases, the researcher 
coded the responses as 01 – equiprobability bias, while the AI coded them as 02 – 
alternative incorrect explanation. These were answers implying equal likelihood, such 
as “it either is or isn’t” or “everyone has an equal chance.” In three cases, the re-
searcher coded the responses as 11 – probability/statistics-based explanation, while 
the AI coded them as 12 – correct but non-statistical explanation. These were verbal 
justifications such as “since there are more engineers, the chance is higher,” which 
represent statistical reasoning but were not recognized as such by the AI unless ac-
companied by explicit numerical references. Importantly, there were no disagree-
ments in categories without explanations (00 and 10), where coding fully aligned. 

Based on these findings, revised prompts were introduced. The new version (AI 
coding v2) was designed to recognize verbal probabilistic explanations as 11 and to 
capture equiprobability bias even when not explicitly expressed as “50%.” This 
broader interpretation, however, reduced agreement with the researcher’s coding to 
about 40 percent (63 disagreements out of 105). The reason was again systematic: the 
AI more often classified ambiguous responses as equiprobability (01 instead of 02) 
and treated qualitative references to base rates as statistical (11 instead of 12). There 
were also no errors in answers without explanations (00 and 10), where the coding 
was consistent. 

Overall, the comparison shows that the initial version of AI coding produced high 
alignment with human coders, with disagreements limited to clear patterns. The re-
vised version broadened the recognition rules, but at the cost of significantly reducing 
agreement. These findings suggest that AI can be reliable in identifying straightfor-
ward cases, but that adjustments in how verbal reasoning is interpreted can substan-
tially alter the results. Finding the right balance between inclusiveness and precision 
remains a key methodological challenge. 
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Results for RQ3 indicate that ChatGPT can code clear cases consistently with hu-
man raters, but agreement declines when explanations are more complex, suggesting 
AI has supportive but not substitutive potential. 

 

5 Conclusion 

 
This study gives a better understanding of how non-STEM students think about statis-
tics. It looked at how well they can solve a basic probability problem, how they feel 
about statistics, and how artificial intelligence (AI) can help analyze their thinking. 
The results showed that less than half of the students solved the base-rate problem 
correctly, and many made a common mistake called the equiprobability bias — the 
belief that all outcomes are equally likely, even when they are not. 

When responses were considered collectively, no differences emerged across facul-
ties in the choice of answers. However, a closer examination revealed important con-
trasts. Students of the Faculty of Economics were more likely to provide written ex-
planations, whereas students of the Faculty of Law more often submitted answers 
without elaboration. Female students were statistically more likely to provide expla-
nations than their male peers. Among responses with explanations, further gender 
differences were evident: male students more frequently employed correct probabil-
ity-based reasoning, while female students more often relied on equiprobability rea-
soning. 

In general, students expressed positive attitudes toward statistics, particularly re-
garding its value and usefulness. However, many reported low confidence in their 
own knowledge and indicated that they had not studied statistics sufficiently during 
their prior education. On the other hand, they showed moderate to high motivation to 
improve their statistical knowledge. Students were also aware of the frequent misuse 
of data and, to a considerable extent, expressed a lack of trust in research findings 
reported in the media. These findings point to an opportunity for developing educa-
tional strategies that can enhance statistical knowledge among non-STEM students. 

Finally, this study found that AI tools like ChatGPT can help in identifying mis-
conceptions such as base rate neglect, but their accuracy depends on how clearly stu-
dents express their reasoning and how well the prompts are written. Human oversight 
is still necessary to ensure reliable interpretation. These findings suggest that AI can 
support, but not replace, human coders in detecting reasoning errors. 

The study is limited by the limited sample size and the descriptive methodology, 
which restrict the generalizability of the findings. Future research should include larg-
er and more diverse groups of students and apply deeper statistical or mixed-method 
analyses to strengthen conclusions. 
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