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 With the growing use of generative artificial intelligence (AI) in academia,  

a key methodological question concerns the statistical correctness of  

AI-assisted quantitative analysis. This study empirically evaluates the use of 

generative AI tools for linear regression in graduate-level research. The 

authors used a methodological approach in which estimates from four AI 

systems (ChatGPT 4.0, DeepSeek v3.2, Gemini 3 Pro, and Grok 4.1) were 

compared with estimates obtained using Microsoft Excel (Windows 10). The 

analysis was performed on five time series using a fixed prompt structure. 

Comparability was assessed using thresholds for regression coefficients, the 

coefficient of determination (R²), and predicted results for 2030. The results 

show that under controlled conditions and within the ordinary least squares 

(OLS) method, the AI tools generate statistical results with varying degrees 

of accuracy. However, deviations in coefficients and predictions highlight 

the need for systematic validation. The study concludes that AI tools can 

serve as auxiliary methodological support, provided transparency, 

reproducibility, and threshold-based verification are ensured in graduate 

research practice. 

Keywords: 

AI-assisted research 

methodology 

Generative AI 

Graduate education research 

Linear regression analysis 

Statistical reproducibility 

Statistical tolerance thresholds 

This is an open access article under the CC BY-SA license. 

 

Corresponding Author: 

Valery Okulich-Kazarin 

Institute of Digital Transformation and Artificial Intelligence, Narxoz University 

Almaty, Kazakhstan 

Email: okwalery@gmail.com 

 

 

1. INTRODUCTION 

Despite growing use of generative artificial intelligence (AI) in graduate research [1], [2], there is  

a lack of empirically testable criteria for evaluating the methodological admissibility of AI-generated 

statistical results. So, a methodologically significant question arises: do such tools ensure statistical 

correctness when performing standard quantitative analysis procedures? Several studies [3]–[5] demonstrate 

the sustained interest of researchers in graduate-level research and student projects. However, the problem of 

its methodological admissibility within the framework of classical statistical procedures remains 

insufficiently empirically studied. 

Linear regression, widely used in graduate-level research in the fields of education, economics, 

engineering and social sciences, represents a more complex use case of AI tools. However, previous  

works [1], [2] dealt with the processing of scaled data and did not touch upon the construction of regression 

models. Most existing publications focus on the pedagogical aspects of AI application [6]–[16] or on the 

automation of educational tasks [17], [18]. At the same time, the issue of quantitative comparability of results 

and reproducibility of the analytical procedure when using AI remains insufficiently verified empirically 

[19]. Incorrect regression coefficients can affect evaluation reports, thesis assessments, policy conclusions, 

and student research quality. There are practically no studies based on pre-specified quantitative thresholds of 
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acceptable statistical deviation. The present study aims to fill this gap by employing a testable approach 

based on predefined quantitative thresholds. 

The purpose is to assess the conditions and limits of the permissibility of using AI tools in 

performing standard linear regression in the context of graduate-level research, rather than to develop a new 

statistical procedure. AI is conceptualized strictly as a computational mechanism rather than an inferential 

agent. The contribution of this study lies in introducing an empirically testable framework for evaluating the 

methodological admissibility of generative AI tools in performing linear regression within graduate-level 

research. In accordance with the purpose, three research questions (RQ) were formulated. 

− Do the linear regression coefficients (A, B), the determination coefficient (R²), and the predicted values 

obtained using AI tools remain within the pre-established threshold of acceptable statistical deviation 

relative to the Microsoft Excel algorithmic benchmark calculation (Trendline OLS)? (RQ1) 

The following acceptable threshold values are adopted: deviation of the regression coefficient less 

than ±1% from the reference value; deviation of R² less than ±0.01; deviation of the predicted value less than 

±5%. Exceeding the threshold values is considered a violation of the principle of methodological 

equivalence. 

− Is the structural reproducibility of the ordinary least squares (OLS) procedure maintained when using 

different AI tools with a fixed prompt and identical input dataset? (RQ2) 

The reproducibility of a computational procedure is defined as: correct description of the linear 

regression Y = A × X + B; calculation and output of the coefficients A and B; calculation and output of R²; 

calculation and output of the predicted result for 2030. Violation of each element is considered a violation of 

reproducibility. 

− Under what methodological conditions can the use of AI be considered acceptable without violating the 

requirements of statistical correctness and academic responsibility? (RQ3) 

Acceptability is considered to be achieved when the following conditions are simultaneously met: 

compliance of the results with the threshold values; transparency of the structure of the request; check of the 

results by the researcher; maintenance of the researcher’s responsibility for interpretation. 

The methodology bases on the AI-assisted research methodology approach [19]–[22]. Within this 

approach, AI tools are viewed strictly as mechanisms that support the execution of established analytical 

procedures, without changing their methodological or epistemological foundations. AI prompts [1], [2] are 

conceptualized as additional computational tools for calculating standard statistical coefficients [23], [24]. 

Their use is accepted only to the extent that the classical requirements of linear regression analysis are 

preserved. 

The research framework is based on three interrelated principles: i) the principle of methodological 

equivalence (results obtained using AI should remain quantitatively comparable with reference calculations); 

ii) the principle of procedural reproducibility (the use of AI tools should preserve the structure and logical 

consistency of the OLS procedure); and iii) the principle of limited applicability (AI tools can assist in 

calculations, but do not replace the researcher and their interpretive responsibility). This concept does not 

aim to revise educational methodology [25], [26] or statistical theory [23], [24]. Its purpose is to define the 

admissibility and limitations of using AI in research [27] under clearly defined methodological conditions. 

First of all, at the graduate-level [19], [22]. 

 

 

2. METHOD 

2.1.  Research design and analytical procedure 

The analysis focused on verifying whether the AI tools reproduce the standard algorithmic 

implementation of the OLS method and whether the obtained results remain within the acceptable statistical 

deviation relative to the benchmark calculation. The built-in linear trendline function of Microsoft Excel 

(Insert → Chart → Add Trendline → Display Equation and R²), executed in Windows 10, was used as the 

benchmark algorithmic calculation. This tool implements the standard OLS algorithm for estimating the 

coefficients of a linear model and calculating the coefficient of determination (R²). 

The empirical basis consisted of five time series [1], differing in the length of observations (from 7 

to 21 units) and the dynamics of the indicators. These series are taken from the author's research practice, the 

first of which was published in the paper [7]. The range of values of the dependent variables varied in scale 

between the series. This made it possible to test the robustness of the reproducibility of OLS at different 

orders of magnitude. Extreme outliers and structural breaks were not detected. For each data set, an identical 

structure of the analytical procedure and a fixed query formulation were used when accessing AI tools. 

Moreover, the basic assumptions of classical single-factor linear regression (linearity of the relationship, 

independence of observations, and stability of the error variance) were observed. In-depth analysis of 
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residuals and testing for heteroscedasticity were not performed. At the same time, parametric robustness was 

tested through a comparison of coefficients and predicted values within the statistical tolerance framework. 

The analytical process for processing each data series included: formalization of a linear model of 

the form Y = A × X + B; estimation of coefficients A and B; calculation of the coefficient of determination 

(R²), t-statistic, and p-value. The comparability of the results was assessed within a pre-defined system of 

statistical tolerances (statistical tolerance framework). Thus, the study was designed as a testable model:  

if the results fell outside the established limits, the assumption of statistical comparability would be 

considered refuted. This ensures the falsifiability of the methodological statement and reduces the risk of 

uncritical interpretation of numerical similarity as evidence of correctness [27], [28]. Responsibility for the 

interpretation of the results and control over the correctness of the calculations remained with the researcher 

at all stages of the analysis. 

 

2.2.  AI tools and comparison strategy 

The authors used four generative models: ChatGPT 4.0, DeepSeek v3.2 (DeepSeekMath-Base 

version 7B), Gemini 3 Pro, and Grok 4.1. All tools were publicly available, allowing students to apply AI 

tools in their graduate-level research. To minimize variability, a fixed query structure was used: use an 

identical source dataset; instruct the model to perform OLS linear regression for Y = A × X + B; output A, B, 

R², t-statistic, and p-value; and instruct the model not to apply additional data transformations. The prompt 

did not contain any instructions on the interpretation of the results and did not include any evaluative 

statements. The following parameters were used for comparison: A and B coefficients; the coefficient of 

determination (R²); the presence and accuracy of the level of statistical significance (p-value); and the 

predicted value for 2030 (manually calculated for the selected five-year horizon to 2030). 

The built-in trendline function in Microsoft Excel calculates A, B, and R² coefficients, but does not 

calculate p-values. Therefore, p-values were used solely as an additional indicator of the procedural 

completeness of the AI tools. They were not used as an element of direct quantitative comparison with the 

benchmark. Comparisons were conducted within the statistical deviation thresholds described before. The 

authors did not aim to identify a “best” AI tool and did not interpret minimal numerical differences as a basis 

for ranking models. The comparison strategy focused on verifying the conditions of methodological 

equivalence and procedural reproducibility when using the AI tools. 

 

2.3.  Statistical tolerance framework 

To ensure the verifiability of the results and prevent arbitrary interpretation of numerical similarities, 

a system of statistical tolerances was introduced in the study. Acceptable deviation limits are set as [23], [24]: 

for the regression coefficients (A, B) – less than ±1% from the reference value; for the determination 

coefficient (R²) – less than ±0.01; for the predicted value – less than ±5%. The system of statistical tolerances 

serves as a criterion for assessing the methodological equivalence of the results obtained using AI tools 

relative to the reference calculation (Windows 10). 

The threshold values were selected to balance computational sensitivity and interpretative stability 

of the model. Minor discrepancies in the results may arise due to rounding and calculation precision. 

However, they should not alter the trend slope, the coefficient of determination, or the forecast result. 

Deviations exceeding the threshold values are considered a violation of the principle of methodological 

equivalence. Exceeding the threshold values constitutes grounds for rejecting the assumption of statistical 

comparability. Thus, the threshold system serves to verify the assumption that methodological equivalence is 

considered confirmed only if the quantitatively specified threshold values are met. 

 

2.4.  Reproducibility, hallucination risk and methodological control 

Reproducibility of the procedure is defined as the simultaneous fulfillment of the following 

conditions: correctness of the model Y = A × X + B; no changes to the input data; calculation of the 

coefficients A and B using standard OLS logic; calculation of the coefficient of determination (R²); and 

correctness of the forecast for 2030. Numerical discrepancies within the limits set within the threshold values 

are not interpreted as a violation of reproducibility. This is crucial to consider the risk of stochastic variability 

in generative models. The architecture of large language models is probabilistic in nature. This means that 

even with the same query, minor variations in the numerical results are possible.  

The study used a fixed query structure, and calculations were performed with minimal variability in 

the generation parameters. If significant deviations were identified, the results were re-checked. In the 

context of this study, AI hallucination is defined as the generation of statistically plausible but 

computationally incorrect results due to the probabilistic nature of the language model. To minimize this risk, 

the following methodological control measures were applied: use of a reference algorithmic calculation for 

comparison; introduction of thresholds for acceptable deviations; fixed query structure; avoidance of 
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interpretive instructions in the task formulation; mandatory verification of results by the researcher. This 

study does not assume epistemic equivalence between generative models and specialized statistical software. 

AI tools are considered purely as probabilistic systems requiring external algorithmic verification. 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Results related to RQ1 

The results of calculating the linear regression coefficients to answer RQ1 are presented in Table 1. 

At first glance, the data in Table 1 demonstrate the numerical comparability of the results obtained using 

various AI tools with the benchmark algorithmic calculation in Microsoft Excel (Trendline OLS). However,  

a proper assessment of comparability requires a quantitative analysis of deviations relative to established 

statistical deviation thresholds. The corresponding calculations are presented in Table 2. 

 

 

Table 1. Linear regression analysis for example-1 using various AI tools 
Indicator ChatGPT 4.0 DeepSeek v3.2 Gemini 3 pro Grok 4.1 Microsoft Excel 

Regression coefficient А 10308.00 10308.00 10308.00 9541.80 10308.00 

Regression coefficient B 107069.00 96761.00 96760.90 104722.70 96761.00 

Determination coefficient R2 0.9768 0.9765 0.9889 0.9734 0.9768 
Significance level p 0.0000 0.0000 0.0000 0.0002 - 

Forecast for 2030 251381.00 241073.00 241073.20 228796.40 241073.00 

 

 

Table 2 shows that DeepSeek v3.2 fully complies with the established thresholds. All indicators are 

within the acceptable statistical deviation, confirming methodological equivalence for this example. 

ChatGPT 4.0 demonstrates an excess of the acceptable deviation for the absolute term (B) by more than 10%. 

However, the predicted value remains within ±5%, indicating a partial violation of parametric stability while 

maintaining practical comparability of the forecast. Gemini 3 Pro exceeds the acceptable threshold for R²  

(Δ=0.0121>0.01). Despite maintaining high explanatory power of the model, the formal equivalence criterion 

is not met. Grok 4.1 demonstrates deviations in several parameters, including coefficients and predicted 

value, which does not allow us to confirm methodological equivalence for this example. Thus, the results of 

RQ1 indicate a differentiated nature of statistical comparability. While maintaining the structural correctness 

of the model, the quantitative stability of the parameters depends on the AI tool used. 

 

 

Table 2. Deviation analysis relative to benchmark calculation (Example-1) 
Tool ΔA (%) ΔB (%) ΔR² ΔForecast (%) Within tolerance? 

ChatGPT 4.0 0.00 +10.64 0.0000 +4.27 Partial (B) 

DeepSeek v3.2 0.00 0.00 0.0000 0.00 Yes 
Gemini 3 Pro 0.00 −0.00 +0.0121 +0.00 No (R²) 

Grok 4.1 −7.44 +8.22 −0.0034 −5.09 No 

Excel (Benchmark) – – – – – 

 

 

3.2.  Results related to RQ2 

To find the answer to RQ2, the following four examples were used, as seen in Table 3. The data 

presented in Table 3 demonstrate statistical coefficients and predicted values for linear regression using AI 

prompts across four additional empirical examples with different data characteristics. Reproducibility 

analysis was performed in two stages: structural reproducibility testing (full OLS procedure); quantitative 

assessment of deviations relative to the Microsoft Excel reference calculation within the statistical tolerance 

framework. 

In all examples, the neural networks correctly formalized the Y = A × X + B model and showed 

coefficients and R², as shown in Table 4. In terms of the OLS procedure structure, reproducibility is 

confirmed. The picture regarding quantitative stability is significantly more complex. For example, for 

DeepSeek v3.2, deviations remain within the established thresholds in all four examples (Table 4). Thus, 

methodological equivalence is consistently confirmed. 

For ChatGPT 4.0 and Gemini 3 Pro, significant deviations in the intercept (B) are observed in most 

examples (Table 4). However, the slope coefficients (B) are virtually identical. R² remains stable in most 

cases. Predicted values are often within ±5% or close to the limit. This indicates partial parametric instability 

while maintaining the overall structure of the linear relationship. 

For Grok 4.1, example-3 demonstrates a fundamentally different pattern of deviations:  

ΔA = +13.12%, ΔB = +421.34%, ΔR² = +0.1958, ΔForecast = +29.89% (Table 4). This may be due to 
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structural deviation of the model. In this case, R² increases from 0.7655 to 0.9513. This significantly changes 

the interpretation of the explanatory power of the model. In this case, the statistical tolerance framework 

records a violation of methodological equivalence. Thus, the reproducibility of the procedure does not mean 

the quantitative stability of the parameters. 

The difference between structural reproducibility (the formal implementation of OLS) and 

parametric stability (compliance with established tolerances) was demonstrated in Table 4. Structural 

reproducibility was confirmed for all AI tools. Quantitative stability is specific. DeepSeek demonstrates 

stability. ChatGPT and Gemini demonstrate partial stability. Grok 4.1 demonstrates instability with certain 

datasets. Thus, RQ2 receives a differentiated answer: AI tools reproduce the analytical structure of OLS, but 

numerical stability varies and requires mandatory external verification. 

 

 

Table 3. Testing the reproducibility of analytical procedures for four various AI tools (examples 2–5) 
Tool А В R2 p-value Forecast for 2030 

Example-2 
ChatGPT 4.0 757.90 -164.90 0.8842 0.0000 28635.30 

DeepSeek v3.2 757.80 -921.30 0.8842 0.0000 27875.10 

Gemini 3 pro 757.90 -164.90 0.9043 0.0000 28635.30 
Grok 4.1 757.90 -164.90 0.8842 0.0000 28635.30 

Excel (Benchmark) 757.90 -922.80 0.8842 - 27877.40 

Example-3 
ChatGPT 4.0 5862.20  2407.90 0.7655 0.0000 107927.50 

DeepSeek v3.2 5861.60 -3450.50 0.7654 0.0000 102076.00 

Gemini 3 pro 5861.60 2411.20 0.7654 0.0000 107920.00 
Grok 4.1 6748.50 11099.20 0.9513 0.0000 132572.20 

Excel (Benchmark) 5862.20 -3454.30 0.7655 - 102065.30 

Example-4 
ChatGPT 4.0 1168.80  224.20 0.8901 0.0001 17756.20 

DeepSeek v3.2 1168.80 -944.60 0.8898 0.0001 16587.40 

Gemini 3 pro 1168.80 -944.60 0.8844 0.0007 16587.40 
Grok 4.1 1168.80 224.20 0.8901 0.0001 17756.20 

Excel (Benchmark) 1168.80 -944.60 0.8901 - 16587.40 

Example-5 

ChatGPT 4.0 327.80  4025.30 0.9333 0.0000 8942.30 

DeepSeek v3.2 327.80 3697.50 0.9330 0.0000 8614.50 

Gemini 3 pro 327.80 4025.30 0.9333 0.0000 8942.30 
Grok 4.1 354.60 4216.00 0.9440 0.0000 9535.00 

Excel (Benchmark) 327.80 3697.50 0.9333 - 8614.50 

 

 

Table 4. Summary of deviations relative to benchmark (examples 2–5) 
Tool ΔA (%) ΔB (%) ΔR² ΔForecast (%) Within tolerance? 

Example-2 

ChatGPT 4.0 0.00 +82.12 0.0000 +2.72 No (B) 

DeepSeek v3.2 0.00 0.16 0.0000 −0.01 Yes 
Gemini 3 Pro 0.00 +82.12 +0.0201 +2.72 No (R², B) 

Grok 4.1 0.00 +82.12 0.0000 +2.72 No (B) 
Example-3 

ChatGPT 4.0 0.00 +169.70 0.0000 +5.75 No 

DeepSeek v3.2 −0.01 0.11 0.0001 +0.01 Yes 

Gemini 3 Pro −0.01 +169.84 0.0001 +5.74 No 

Grok 4.1 +13.12 +421.34 +0.1958 +29.89 No 

Example-4 
ChatGPT 4.0 0.00 +123.73 0.0000 +7.05 No 

DeepSeek v3.2 0.00 0.00 0.0003 0.00 Yes 

Gemini 3 Pro 0.00 0.00 −0.0064 0.00 Yes 
Grok 4.1 0.00 +123.73 0.0000 +7.05 No 

Example-5 

ChatGPT 4.0 0.00 +8.87 0.0000 +3.80 No (B) 
DeepSeek v3.2 0.00 0.00 0.0003 0.00 Yes 

Gemini 3 Pro 0.00 +8.87 0.0000 +3.80 No (B) 

Grok 4.1 +8.18 +14.02 +0.0107 +10.68 No 

 

 

3.3.  Results related to RQ3 

The empirical results allow us to infer the conditions for acceptable use of AI [19] based on the 

observed deviations (Tables 2 and 4). The empirical results allow us to conclude that the analysis 

demonstrated three distinct empirical patterns: complete parametric stability within the given tolerance 
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thresholds (DeepSeek v3.2 in all examples); partial parametric instability primarily affecting the intercept 

values (ChatGPT 4.0 and Gemini 3 Pro); and structural deviation beyond the tolerance thresholds  

simultaneously affecting the slope, R², and the predicted outcome (Grok 4.1 in example 3). These patterns 

allow us to formulate four empirically based tolerance conditions. 

− Condition 1: quantitative validation. The presence of threshold violations in a number of AI tools 

indicates that the regression parameters generated by the AI cannot be accepted without verification by 

the researcher. The use of AI tools is permissible only if: i) the coefficients and predicted values are 

close to the reference calculations; ii) the deviations are estimated within predetermined tolerances. 

− Condition 2: sensitivity to coefficient B. In several examples (Tables 2 and 4), deviations most often 

affected the intercept (B), while the slope (A) often remained stable. A change in the intercept can 

significantly affect forecast values. Thus, checking the stability of the intercept and independent 

confirmation of forecast calculations are required when deviations exceed ±1%. 

− Condition 3: R² stability threshold. In example 3, the Grok 4.1 neural network demonstrates that a 

significant deviation in R² (+0.1958) can fundamentally change the interpretation of the model. In such 

cases, the use of AI cannot be considered methodologically equivalent. Therefore, the acceptability of 

use requires deviations in R² within ±0.01. 

− Condition 4: researcher responsibility and control. Empirical data confirm that AI tools reproduce the 

computational structure, but may vary in numerical precision. Therefore, the acceptability of use is 

conditioned by: i) the researcher’s ability to interpret statistical parameters [22]; ii) verification of 

results; iii) a refusal to regard AI results as epistemically autonomous. Taken together, the obtained 

results demonstrate that AI prompts can be considered an acceptable means of methodological support, 

but not as a standalone analytical tool [20]. 

 

3.4.  Discussion 

The obtained results allow us to clarify the methodological status of using AI in graduate-level 

research [1], [2] for linear regression analysis. First, the results of RQ1 and RQ2 demonstrate that generative 

AI tools reproduce the structure of the OLS procedure. However, their numerical stability is not constant. 

Full parametric equivalence was not confirmed for all models. Therefore, methodological equivalence is 

conditional and depends on compliance with established statistical deviation thresholds. Second, the 

identified deviations in the intercept and, in some cases, in R² demonstrate that structural reproducibility does 

not guarantee parametric stability. This distinction is of fundamental importance for graduate-level research, 

where coefficient values directly influence the study's conclusions. Third, the results of RQ3 confirm the 

principle of limited admissibility: AI tools can be used as an auxiliary computational mechanism, provided 

that they are quantitatively verified, the procedure is transparent, and researcher control is maintained [6], 

[22]. Empirical data do not support their epistemic autonomy. 

The identified distinction between structural reproducibility and parametric stability clarifies the 

methodological status of AI in educational research. A number of publications consider neural networks as a 

tool for optimization of academic activity [9], [11], [14], [29]. However, the obtained empirical data 

demonstrate that computational support is not identical to the stability of statistical results. As for educational 

evaluation, even minor deviations in AI-generated regression outputs may influence the assessment of 

graduate research quality and the validity of thesis conclusions. This point becomes particularly relevant for 

empirical educational studies where statistical results directly inform pedagogical recommendations.  

For example, a comparative study of media students in different countries statistically demonstrated a 

significant preference for visual learning methods over auditory ones, which led to concrete 

recommendations for adapting lecture formats in higher education [30]. Thus, the study shifts the discussion 

about the use of AI in education from the level of technological efficiency [13]–[18], [25], [26] to the level of 

methodological admissibility. AI tools can be integrated into the research infrastructure of graduate-level 

education [19]–[22], but their use requires maintaining the responsibility of the researcher. 

An additional limitation is the opacity of the generative model architecture (model opacity) [31]. 

The user has no access to the internal algorithmic processing mechanisms and possible hidden computational 

stages. Given this opacity, external quantitative verification of the results becomes a necessary condition for 

methodological reliability. The approach is validated when parametric stability conditions are met [27], but 

does not automatically imply the methodological equivalence of all AI tools. Empirical data clarify the 

applicability of AI-assisted research methodology in the context of quantitative analysis. 

 

 

4. CONCLUSION 

The results shift the discussion of AI use in graduate-level research from the level of technological 

effectiveness to the level of methodological admissibility. The empirical data clarify the limits of the 
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application of AI-assisted research methodology in quantitative analysis: its use is permissible only if the 

conditions of parametric stability and research control are met. The automatic methodological equivalence of 

generative models is not confirmed. 

In terms of practical significance, the study’s results allow for the formulation of cautious 

methodological recommendations how to use AI tools when performing linear regression in graduate-level 

research. First, the use of AI is only permissible if the obtained coefficients and predicted values are 

quantitatively verified within predetermined statistical deviation tolerances. Second, the coefficient (B) 

requires special attention, as this parameter exhibits the greatest variability and may influence predictive 

results. Third, if the determination coefficient (R²) exhibits significant deviations, using the AI results 

without further verification is methodologically unacceptable. This may affect the interpretation of the 

model’s explanatory power. The obtained results are contextual in nature. They relate exclusively to single-

factor linear regression with a fixed prompt structure. They do not imply a ranking of AI tools outside this 

methodological context. 

There are several limitations of the study. First, the analysis was limited to a single-variate linear 

regression study. The results obtained cannot be automatically generalized to multivariate or nonlinear 

models. Such models have higher parametric sensitivity and computational complexity. Second, the study 

focused on the methodological validity of the calculations. The study was not on the selection of the best AI 

tool or the pedagogical effects of AI use. The impact of AI application on the development of master’s 

students’ research competencies requires separate analysis. Third, the results were obtained with a fixed 

query structure and specific versions of the AI tools. Given the dynamic nature of neural network 

development, subsequent versions may exhibit a different degree of parametric stability. However, this 

possibility requires empirical verification and cannot be assumed normatively. A promising direction for 

further research is a longitudinal analysis of the stability of results when updating AI tools, as well as an 

assessment of their applicability in more complex statistical procedures. 
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