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A Comparative Analysis of Machine Learning Algorithms for Assessing 

Engineering Students’ Problem-Solving 

Abstract 

Assessing undergraduate and graduate students’ problem-solving is essential for engineering 

education. Existing problem-solving systems focus on the correctness of the final answers 

rather than reasoning or processes used to get there; the use of Artificial Intelligence (AI) as a 

tool to help analyze problem solving processes poses a new, interesting, and under researched 

gap. AI may be a beneficial tool capable of analyzing the problem-solving process itself and 

reducing the time required for a student to receive formative feedback. Conventional 

automated assessment systems integrated into Learning Management Platforms (e.g., Canvas, 

Moodle, Blackboard Learn) predominantly emphasize the correctness of final answers, often 

overlooking the underlying reasoning and solution processes. This oversight can result in 

inaccurate evaluations, where correct solutions may arise from flawed logic, or well-

structured approaches may yield minor computational errors. 

To investigate this area deeper, a hybrid human-machine dual assessment solution for LMS 

platforms is proposed in this study and a comparative analysis of supervised machine 

learning algorithms (Logistic Regression, Naïve Bayes, K-Nearest Neighbors, Decision Tree, 

Random Forest, etc.) are performed to predict student performance based on their problem-

solving processes in the context of electrical circuit. 

A dataset comprising 363 solution events was collected from the course Fundamental 

Electronics for Engineers at a mid-sized land-grant university in the Western United States. 

Since the dataset showed some imbalance across problem types and performance categories, 

an over-sampling method (SMOTEN) was used to balance the data. Each solution was 

qualitatively evaluated by two independent researchers using five process-oriented constructs 

adapted from Docktor et al.'s (2016) rubric: Useful Description, Engineering Approach, 

Specific Application of Engineering Principles, Mathematical Procedures, and Logical 

Progression are the construct involved. 

Solutions were classified into three performance categories—Correct, Partially Correct, and 

Incorrect—based on expert comparisons. The machine learning (ML) models were trained 

and evaluated using key performance metrics: accuracy, precision, recall, F1-score, 

specificity, AUROC, mean cross validation scores, etc. The findings provide evidence of AI 

utility in assessing cognitive processes associated with engineering problem-solving. This 

study also has several implications across STEM disciplines, workforce management and 

development. 
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1. Introduction 

Engineering problem-solving activities involve complex cognitive processing associated with 

knowledge articulation, management, implementation, meaning-making, planning, 

multimodal information processing (i.e., drawing, linguistic expression, and mathematical 

symbols), cognitive engagement, goal-orientations, as well as abstract reasoning [1] – [8] . 

The evolution of complex cognitive processes does not occur instantaneously; rather, 

cognitive development emerges through interaction among social, cultural, and 

environmental factors [9] – [11]. These factors also influence cognitive and mental model 

evolutions in engineering educational settings where learning, reasoning, problem-solving, 

and decision-making are paramount. Multiple studies have found that existing cognitive or 

mental models have an impact on how humans perceive, and approach problem-solving tasks, 

control cognitive and metacognitive processes, practice self-regulation, and generate 

solutions [2], [12] – [15]. 

In engineering education, problem-solving, and cognitive processes associated with 

procedural reasoning are the central learning outcomes. The assessment practices, therefore, 

must capture not only the correctness of the solution but also the quality of students’ 

cognitive processes associated with the solution. Traditional automated scoring tools on 

learning management system (LMS) platforms only score solutions based on the final 

response. They are unable to assess the quality of cognitive processes associated with 

problem-solving. This results in a major flaw in the assessment process. While showing 

evaluation, the system sorely lacks the ability to support engineering students in cognitive 

and metacognitive processes associated with problem-solving and this can mean we do not 

realize the full advantage of process feedback that results in a solid foundation of problem 

solving [16]. Lawanto and colleagues found students to be overconfident (also known as 

metacognitive illusions [17]) in evaluating their solutions [18], foreshadowing that 

engineering students may not always possess the ability to self-evaluate their cognitive and 

metacognitive processes during problem-solving [19]. These metacognitive illusions 

necessitate interventions from human assessors (instructors or mentors) who possess domain 

expertise. This lack of cognitive and metacognitive skill development can be further 

exacerbated through the prevalent usage of Generative AI tools (such as ChatGPT, Gemini, 

Claude, etc.) in engineering courses [15] [16]. The cognitive sophistication or processes 

associated with these problem-solving activities, within a controlled academic environment, 

is the core foundation needed by students for tackling real-world, open-ended, and ill-

structured engineering challenges and societal and scientific advancements. Therefore, 

engineering educators and their evaluation resources should focus on the quality of cognitive 

and metacognitive processes associated with problem-solving rather than the correctness of 

the solutions only. As Albert Eienstein famously said, “Education is not the learning the 

facts, but it is training the mind to think” [20]. 

This study is a part of a larger investigation to understand and assess cognitive processes 

associated with problem-solving. One often overlooked approach by LMS platform 

developers is their lack of use of a problem-solving assessment rubric (i.e. Polya’s [21], 

Docktor et. al.’s [22], AACU’s [23]) for evaluating solutions of engineering problems. These 



 

problem-solving assessment rubrics frame the dimensions of success in problem solving with 

qualitative distinctions of cognitive processes (the indicatives of cognitive sophistication) 

easily visible for the interpretation of a good solution.  

The researchers of this study wove an understanding of human cognition, problem-solving, 

and artificial intelligence (AI) in a pre-automated or Human-Machine Dual Problem-Solving 

Assessment (HHMDPSA) solution for the CANVAS© LMS platform. For automating the 

whole process, the researchers may explore unsupervised, or natural language processing 

algorithms. However, the correct algorithms for automating the whole processes are still 

under investigation. The HHMDPSA solution of this study is expected to function 

independent of problem-solving rubric. This HHMDPSA solution is also expected to reduce 

the human effort in scoring problem solutions based on cognitive sophistication utilizations. 

2. The Study 

This study was designed based on the students’ solutions submitted on an LMS platform for 

homework problems in a general foundational engineering course, Fundamental Electronics 

for Engineers. The homework problem-statements of this course are domain-specific, 

academic, and situated in constrained and finite rules [24]. However, the solutions to the 

problems of this course may vary in terms of cognitive processing quality. The course 

contains nearly 100 homework problems in total. Four of these problems (varied in terms of 

cognitive efforts) are carefully chosen for this study. Students who attended this course are 

from multiple engineering and computation disciplines (Mechanical, Civil, Biological, etc.), 

ensuring a broad diversity in likely cognitive processes engrained in the problem-solving 

data. This attribute makes this study more enticing for studies regarding the qualitative 

characterization of a score from the evaluation rubric used and allows an investigation into, 

understanding cognitive sophistication and proposing a Machine Learning (ML) or AI-based 

HHMDPSA solution for the LMS platform. 

The proposed HHMDPSA solution is illustrated in Figure 1. This HHMDPSA solution for 

the LMS platform consists of human judgment and machine analysis sections. This hybrid 

assessment solution is designed to combine both qualitative human judgments, and 

mechanistic AI algorithms in indicating cognitive sophistication evident in the problem-

solution. HHMDPSA is a flexible solution and can facilitate absolute and relative human 

judgment of cognitive sophistication or processes based on the users’ choice of assessment 

and of the data. This HHMDPSA solution is expected to be easily synched with the current 

LMS platform with little modification in the system architecture. Figure 1 shows a 

representation of the HHMDPSA solution architecture. As shown in Figure 1, the setup 

requires the CANVAS© LMS platform, where the proposed HHMDPSA solution needs to be 

integrated. The development of this HHMDPSA solution requires the submission page, rubric 

selection options, and scoring pages containing the submitted solutions. In the machine 

section, the HHMDPSA solution requires a central physical database that links to the training, 

development and testing (TDT) segment, a running classifier in the production environment 

that can take data from the central database, and the students’ gradebook page. Depending on 

the HHMDPSA system requirements by the users, an additional physical database may or 



 

may not be needed in the TDT segment. All the pages and classifiers needed to be coded and 

maintained as similar as any LMS platform. 

 

 

Figure 1: Proposed Hybrid Human-Machine Dual Problem-Solving Assessment (HHMDPSA) 

for LMS Platform 

 

The human judgment section of HHMDPSA assessment system has two sections. One is for 

the students, and another is for the instructors. In the students’ section, the LMS provides 

facilities for students to submit their solutions to the given problems. The students are able to 

upload their files in different formats (pdf, .docx, .doc, .jpg, .pages). After uploading, these 

files will be segmented into their individual pages for instructors to proceed with assessment 

activities. 

The instructors’ interface has to be modified for developing the HHMDPSA solution. First, 

the LMS platform requires instructors to choose a problem-solving rubric, such as, Polya’s, 

Docktor’s, AACU’s etc. Based on the selection of the problem-solving rubric, the platform 

provides the scoring page, containing (1) the students’ information (name and identification 

number), (2) individual solution page to the given problem in their course, and (3) some 

blank boxes (i.e., M1 to M5 in green oval in Figure 1) for instructors to score based on 

measures and scales mentioned in the Docktor et al.'s (2016) problem-solving rubric. The 

letter ‘M’ in the green oval in Figure 1 represents the selected rubric measure and 1 to 5 are 

the serial numbers of the measures. The measures are indicative of cognitive processes 

applied in the solutions. For instance, M1 is the ‘useful description’ measures, and a score of 

5 is the appropriate, and the best possible useful description shown in the solution in the form 

of written text, drawing, and symbols. The instructors then score or rank individual students’ 



 

solutions. These scores or ranks illustrate how students utilized their cognitive processes 

associated with the measures mentioned in the rubric. These humans produced problem-

solving scores, then feed into the machine analysis section, allowing it to develop a 

foundation to analyze problem-solving process from that is attuned to human pilot data. 

The machine analysis section contains central database, the training, development, and testing 

(TDT) segment, and the classifiers or production environment. First, the instructor generated 

problem-solving scores are stored in the central database. This central database is for one or 

multiple engineering courses associated with problem-solving activities. It is important to 

note that this HHMDPSA is an engineering domain-agnostic assessment solution, as the 

problem-solving processes (mentioned in the rubric) can be similar for many engineering 

courses. Moreover, the domain expertise of any problem-solving activities in any engineering 

domain is imputed through the human judgment section. 

The Training, Development, and Testing (TDT) segment (colored in blue on the right) takes 

the archived data from the central database to train, develop, and test the AI algorithms, and 

prepare the final model. This archived data represents the previous recorded scores (cognitive 

processes associated with problem-solving data) based on the selected problem-solving 

rubric. First, this data is used for training the AI algorithms, and developing models, as shown 

in Figure 1. The term ‘AI Algorithms’ is seen in the diagram instead of ‘Machine Learning 

(ML) Algorithms’ in an effort to make this block more generalizable for neural networks 

(NN) models, multimodal generative AIs or for AI agents. It is recommended to train the AI 

models with larger relevant datasets to receive better performance as they evaluate solutions. 

The detailed workflow process of training AI or Machine Learning (ML) models (Figure 2) 

is illustrated and discussed in the data collection and analysis section of this paper. The final 

trained model works as a second brain in this HHMDPSA solution for assessment. The 

analysis to identify the best performing ML model is the key discussion of this paper. 

After developing the final model, it needs to be set to the production environment, illustrated 

as Classifier in Figure 1. This classifier consumes the data from the central database, 

containing scores or ranked (ordinal or categorical) information of students’ problem-solving 

activities based on the rubrics. The classifier receives the data and runs the model to classify 

or decide which problem-solving activities they are in and sends that group score to students’ 

gradebook. This combined HHMDPSA solution can ensure efficient and expedited grading 

based on students’ cognitive efforts rather than just their outcomes. As a result, a focus can 

develop and remain on the solution process and not just a solution answer and students will 

not be rewarded for guesses or results may not be treated as effortful and successful solutions. 

3. Study Context 

The study was conducted at a Carnegie R1 university in the western part of the United States 

in a sophomore-level engineering class. The problem-solvers mostly belong to similar socio-

cultural and academic groups. These problem-solvers have enough experience in abstract and 

logical reasoning through their K-12 and other STEM-related classes.  



 

The course contained DC and AC networks and digital electronics concepts. These concepts 

were taught during the class. Moreover, additional learning materials were provided on the 

LMS platform for the students to understand the concepts. Problem-solvers were required to 

solve homework assignment problems associated with those concepts in each week. Overall, 

the problem statements were not conceptually and procedurally unfamiliar to them. 

4. Research Question and Objectives 

This study is guided by a single research question: Which machine learning algorithm 

demonstrates superior performance in predicting the engineering students’ cognitive 

sophistication utilized in problem-solving? The major objective of this study is to (1) propose 

a hybrid Human-Machine Dual Assessment method linked to a LMS platform and used for 

analyzing and categorizing cognitive sophistication in engineering problem solutions; (2) the 

effectiveness in implementing ML Algorithms for problem-solving assessment; (3) providing 

a direction to develop an automated AI-driven problem-solving assessment solution for future 

learning management systems.  

5. Data Collection and Analysis 

The data of this research was collected from students’ submissions of the solutions to the 

selected homework assignment problems in Fundamental Electronics for Engineers class. 

These problem-solving data on LMS platforms contained identifying information and were 

protected by Family Education Rights and Privacy Act (FERPA). Therefore, the researchers 

collected the deidentified problem-solving data from the data governing body at the 

university, while maintaining Institutional Review Board (IRB) and FERPA regulations.  

A total of 396 problem-solving data files were collected for analysis and for entry into the 

HHMDPSA analysis for the LMS platform. Due to the nature of the study, no additional 

think-a-loud or interview sessions are conducted. After collecting the problem-solving data, 

the researchers followed step-by-step procedures shown in Figure 2. Each step of the data 

analysis process is further described in detail following the workflow data analysis diagram. 

 

Figure 2: Workflow Diagram of Data Analysis 



 

First, the collected problem-solving data were qualitatively filtered for their intelligibility and 

interpretability by two independent researchers. They found that 33 problem-solving data 

were either unintelligibility or non-interpretable (i.e., blank, or griffonage). The researchers, 

therefore, left with 363 problem-solving filtered data. 

Then, two independent researchers, possessing similar expertise in cognition and problem-

solving, tagged each problem-solving event with unique identifiers (such as, event001, 

event002, event003, etc.). Then, they studied and scored individual problem solutions of the 

qualitatively filtered data based on five measures mentioned in the adapted Docktor et. al.’s 

rubric [22]. The rubric is adapted by slight modification from the description of ‘Physics’ to 

the description ‘Engineering’. The details of the rubric are presented in the Appendix 

section. The researchers discussed their scoring process among themselves, refined any 

disagreements, and reached 100% consensus of their scores [25]. The individual problem-

solving scores are stored in a separate Excel© file with unique identifiers. The scoring is 

done in 0-5 Likert scale, where 0 means no cognitive effort, and 5 is a highly sophisticated 

cognitive effort associated with problem-solving [22]. The overall qualitative description of 

the modified rubrics (measures and scales) is provided in the Appendix section of this paper. 

The specific adapted mastery levels of this rubric are useful description, engineering 

approach, specific application of engineering, mathematical procedures, and logical 

progression. The description or definition of the measures of the problem-solving rubrics is 

shown in Table 1. 

Table 1: Definition of Modified Measures (or, Independent Variables) of Problem-Solving 

Rubrics 

Measures Definition 

Useful Description Problem-solver’s written records of the task analysis, including 

redrawn diagrams, givens, findings, labeling, notations etc. 

Engineering Approach The written record of broader conceptual understanding of 

Engineering Fundamentals and their applications in a 

particular course. 

Specific Application of 

Engineering 

Specific Application of Engineering refers to contextual use or 

the applications of the problem-solving concepts in specific 

use cases. 

Mathematical Procedures Mathematical procedures are the use of rules and the 

appropriate mathematical processes or steps to solve a 

problem. 

Logical Progression Logical Progression is an organized and consistent reasoning 

pattern in the problem-solving process. 

After scoring all problem-solving data, the researchers met, discussed their scoring, and 

resolved any disagreements. Then, they shared the final scoring with the additional two 

researchers who then used them for observing and conducting initial analysis on more data. 

Through this means, consistency in their scoring was assured based on the rubric. 

Furthermore, the descriptive statistical analysis (Table 3) based on the dependent variables 

(categories or classes) was found to be consistent. The analysis in Table 3 assures rigor and 



 

qualitative precision in the problem solution scoring process. In the next step of data analysis, 

two researchers reexamined each problem-solving sample based on their analyzed quality. 

For this research purpose, they defined categories, or classes as 𝑘, when the number of 

classes is three (i.e. correct, partially correct, and incorrect) mentioned in Table 2 and 

investigated and categorized each problem based on these categories. These categories are not 

absolute and can be expanded or shrunk for future application based on the instructor’s 

choice of how to categorize students for a full-fledged HHMDPSA solution. The categorized 

problem-solving data, unique identifiers, and their rubric-based cognitive processes scores 

that were associated with the problem-solving events were also stored in the Excel© file. 

Through this scoring and problem-solving data categorization process, the researchers created 

a dataset containing both dependent and independent variables (i.e., Useful Description, 

Engineering Approach, Specific Application of Engineering Principles, Mathematical 

Procedures, and Logical Progression) for the next phase of analysis. 

Table 2: Definition of Categories or Classes (Dependent Variable) 

Category or Class 

(𝐤 = 𝟑) 

Definition 

Correct (~ 100%) The solution contains ‘almost no’ to ‘very minimal’ mistakes. 

Partially Correct 

(~ 50%) 

The solution possesses both consistent and inconsistent problem-

relevant solution components. 

Incorrect (~ 0%) The solution is totally wrong or has major flaws. 

After creating the dataset, the researchers explored the dataset and found that it contained 134 

(37%) solutions that were correct, 76 (21%) partially correct solutions, and 153 (42%) 

incorrect categories, illustrated in Figure 3. 

 

Figure 3: Percentage of Data in Multiple Outcome Classes (Categories) 

The researchers, then, performed descriptive analysis (average and standard deviation) for 

total dataset and for individual classes, such as, correct, partially correct, and incorrect. The 

average (M) of total sample size (n=363) is 13.66 and the standard deviation (SD) is 6.94. 

From the descriptive analysis shown in Table 3, it is found that the average (M) of correct, 

partially correct, and incorrect categories is very different. Problem-solving data in correct 

categories are comparatively superior in all measures (i.e., in describing the task, applying 

engineering and mathematical concepts, demonstration of better logical thinking) than 

partially correct and incorrect categories. The significant differences in student solutions are 

Correct

Incorrect

Partially 
Correct



 

found when we look through a lens of Specific Applications of Engineering (i.e., Mechanical, 

Electrical, etc.). The average score (M) of ‘Correct’ category in Specific Applications of 

Engineering (or, contextual application) is 4.51. For ‘Partially Correct’, the average (M) value 

is 2.49 and ‘Incorrect’ category has received only 0.94 on average (M). This finding confirms 

the existing literature of the cognitive evolution of experts, which states that the experts tend 

to have comparatively superior performance at subordinate levels or domain-specific (i.e., 

Mechanical, Electrical, etc.) contextual tasks [26] [27]. Evidence also shows a significant 

difference in conceptual understanding between the incorrect and correct categories. This 

demonstrates the comparative deficiency in general engineering knowledge among incorrect 

(no part of the solution corrects) categories than correct (almost no or minimal mistakes) 

ones. Table 3 also reveals another profound finding. For instance, standard deviations (SD) of 

correct categories in three measures, such as, engineering approach, mathematical procedure 

and logical progression, are much lower (0.83, 0.74 and 0.87 respectively). These lower 

values indicate that cognitive processes of ‘Correct’ class are more consistent (closer to 

mean) in those measures than their counterparts. Overall, Table 3 provides researchers with 

fundamental characteristics of the dataset in each class (category). The descriptive analysis 

also assures that the dataset (scoring and categories) developed by the researchers in this 

study are reducing bias in their qualitative analysis. Rather the dataset is generated based on 

strictly followed procedures and rubric adopted for this study. 

Table 3: Descriptive Statistics of Problem-Solving Sample 

Total Problem-Solving Sample  

(n=363,  M=13.66,  SD=6.94) 

 Correct (~ 100%) Partially Correct 

(~ 50%) 

Incorrect (~ 0%) 

M SD M SD M SD 

Useful 

Description 

2.37 1.56 2.25 1.47  1.88 1.50 

Engineering 

Approach 

4.69 0.83 3.00 1.15 1.69 1.14 

Specific 

Application of 

Engineering 

4.51 1.01 2.49 1.16  0.94 1.13 

Mathematical 

Procedure 

4.67 0.74 3.25 1.14  2.09 1.22 

Logical 

Progression 

4.07 0.87 2.58 1.15  1.28 1.17 

n: Sample Size; M: Mean or Average; SD: Standard Deviation 

Based on the dataset generation process discussed above, it is apparent that both independent 

and dependent variables are not numerical but categorical in nature. Therefore, the 

researchers cannot send the ordinal (a type of categorical variables) data directly to ML or AI 

algorithms for comparative analysis as shown in previous studies [28] – [30]. To prepare data 

for comparative analysis, an ordinal encoding technique was applied during data 

preprocessing to convert categorical features into numerical ranks while preserving order [28] 



 

– [30]. Then, this converted data was distributed into the system to train and test datasets. For 

this study, 70% of the data was in the training dataset, and 30% was in the test set. During 

train-test splitting, stratifying methods are used to preserve category or class proportionality 

in both the training and test sets. This 70:30 distribution is followed to ensure availability of 

comparatively enough datasets for testing the algorithms within this research context. 

Moreover, 70% of total sample size of this study is comparatively smaller for training the ML 

models. Therefore, a standard oversample technique, Synthetic Minority Over-Sampling for 

Categorical Data (SMOTEN), was applied to generate similar synthetic data and reduce some 

imbalance for our study purposes [31]. However, the proposed final HHMDPSA solution 

used hereafter will likely contain more problem-solving samples and associated human 

produced judgment scores from one or more engineering courses. Therefore, a fully 

functional HHMDPSA solution can omit this oversampling procedure in practical settings. 

Finally, the synthetically over-sampled training dataset was fitted to the supervised machine 

learning algorithms or models, such as, Logistic Regression, Naïve Bayes, K-Nearest 

Neighbors (kNN), Decision Tree, and Random Forest. These algorithms are called supervised 

models, because they are trained on labeled datasets (Independent variables and their 

associated dependent variables are seen in the training data). After training these supervised 

ML models, each model was tested with an unseen or test dataset. Then, the models predicted 

the category or class of test data. The predicted categories or classes are compared with the 

actual category identified in the test data. The overall model performance and the 

performance in classifying individual categories are studied and compared in this paper. For a 

fully developed HHMDPSA solution, the ML model may have to go through three datasets 

(training, development, and testing) before sending it to the production environment. 

5.1 Performance Evaluation Metrics 

In analyzing, evaluating, and comparing the ML model performance, the researchers used 

several performance metrics in this study. The performance evaluation metrics are: True 

Positive Rate (TPR) or Recall, True Negative Rate (TNR) or specificity, False Positive Rate 

(FPR) or Type I Error, False Negative Rate (FNR) or Type II Error, precision (Pk), F1-score 

(F1k), and classification accuracy (ACCk) [32] – [34]. All these evaluation metrics in this 

study are calculated based on the confusion matrix (Ci, j) generated from the individual 

machine learning (ML) model [32], [33]. 

A confusion matrix, Ci, j, from machine learning models is an N × N matrix, which is used for 

representing and comparing actual labels with predicted classes (classes, 𝑘 ∈ {1,2, … , 𝑁}) 

[32], [33]. The row, i, of the matrix represents actual (labeled) categories, and the column, j, 

represents predicted categories of the models. It is important to note that row, i, and column, 

j, of the confusion matrix, Ci, j is always the same (i=j). TPR or Recall is the proportion of 

actual 𝑘 solution class that are also predicted as 𝑘 by an ML model [32] – [34]. TNR or 

Specificity is the proportion of actual ‘not 𝑘’ solution class that are also classified as ‘not 𝑘’ 

[32] – [34]. FPR is the proportion of actual ‘not 𝑘’ solution class, but the classifier predicted 

otherwise, and FNR is the proportion of actual 𝑘 solution class but incorrectly predicted as 

‘not 𝑘’ class [32] – [34]. FPR and FNR are also known as Type I Error, and Type II Error 



 

respectively. TPR, TNR, FPR and FNR for each ML model are calculated based on the 

following generalized equations for k classes (where, i and j are the rows and columns of the 

confusion matrix respectively) [32] – [34]: 

𝑇𝑃𝑅𝑘 =
𝐶𝑘,𝑘

∑ 𝐶𝑘,𝑗
𝑁−1
𝑗=0

        (1) 

𝑇𝑁𝑅𝑘 =
∑ ∑ 𝐶𝑖,𝑗

𝑁−1
𝑗=0,𝑗≠𝑘

𝑁−1
𝑖=0,𝑖≠𝑘

∑ ∑ 𝐶𝑖,𝑗
𝑁−1
𝑗=0,𝑗≠𝑘

𝑁−1
𝑖=0,𝑖≠𝑘  + ∑ 𝐶𝑖,𝑘

𝑁−1
𝑖=0,𝑖≠𝑘  

     (2) 

𝐹𝑃𝑅𝑘 = 1 − 𝑇𝑁𝑅𝑘      (3) 

𝐹𝑁𝑅𝑘 = 1 − 𝑇𝑃𝑅𝑘      (4) 

The same N × N confusion matrix, Ci, j, are used in implementing precision (Pk), F1-score 

(F1k), and classification accuracy (ACCk). These performance metrics are calculated using 

the following generalized equations [32] – [34]: 

𝑃𝑘 =
𝐶𝑘,𝑘

∑ 𝐶𝑖,𝑘
𝑁−1
𝑖=0

       (5) 

𝐹1𝑘 = 2. 𝑃𝑘 .
𝑇𝑃𝑅𝑘

𝑃𝑘+ 𝑇𝑃𝑅𝑘
      (6) 

𝐴𝐶𝐶𝑘 =
∑ 𝐶𝑘,𝑘

𝑁−1
𝑖=0

∑ ∑ 𝐶𝑖,𝑗
𝑁−1
𝑗=0

𝑁−1
𝑖=0

         (7) 

 

6. Results 

The performance metrics for classifying individual categories (i.e., correct, partially correct 

and incorrect) are primarily compared based the calculation performed using equations (1) – 

(4) for each ML model. After calculating TPR, TNR, FPR and FNR for all models and for all 

k classes using equations (1) - (4), it is found that Logistic Regression, Naïve Bayes and 

Random Forest classifiers are performing comparatively better than other algorithms in all 

performance measures. Figure 4 illustrates all four measures (TPR, TNR, FPR, and FNR) of 

the performance metric for five ML algorithms used for this study in line charts. The green 

line represents the ‘Correct’ class, the orange line is ‘Partially Correct’, and the red is 

‘Incorrect’ class. 

From equations (1) - (4) and Figure 4 (below), it is apparent that TPR and TNR are 

mathematically complementary parts of FNR and FPR respectively. Therefore, FNR and FPR 

will not be discussed in the following few paragraphs to avoid redundancy. 

From the TPR graph (Top Left in Figure 4), it is found that Naïve Bayes classifier could 

categorize ‘Correct’ solution to be correct more often than other algorithms. Its performance 

score is about 0.93, which is comparatively better than Logistic Regression (0.9) and Random 

Forest (0.88). On the other hand, Logistic Regression and Naïve Bayes classifiers correctly 

identified ‘Partially Correct’ class effectively than others. These classifiers’ TPR score is 

0.61. The Decision Tree classifier has the lowest score, only 0.67. Decision Tree, Random 



 

Forrest, and K-nearest Neighbors (kNN) are performing 0.57, 0.48 and 0.4 respectively. For 

classifying ‘Incorrect’ solution to be ‘Incorrect’, Logistic Regression Algorithm is performing 

better. The TPR score for Logistic Regression Algorithm is around 0.8. 

From the TNR graph (Top right in Figure 4), Logistic Regression and K-nearest Neighbors 

(kNN) are classifying ‘not Correct’ more often than others. Their TNR score is 0.94. Logistic 

Regression also performed comparatively better in identifying ‘not Partially Correct’ class as 

shown its TNR score (0.88). However, Naïve Bayes surpasses other classifiers in finding ‘not 

Incorrect’ solutions. The TNR score of Naïve Bayes Classifiers is 0.89. K-nearest Neighbors’ 

(kNN) performance is very low in classifying ‘not Incorrect’ solutions, having a TNR score 

of only 0.79. 

 

 

Figure 4: a) TPR/Recall, b) TNR/Specificity, c) FPR/Type I Error, and d)FNR/Type II Error of 

Machine Learning Models for Individual Category 

 

The three prospective algorithms performed superiorly for classifying individual classes 

(correct, partially correct, and incorrect) than others, allowing the researchers to conduct 

further investigation into their application to observe performance consistency in other 

metrics of this study. Therefore, precision (Pk), F1-score (F1k), and classification accuracy 

(ACCk) are calculated for each machine learning model for individual categories. 



 

After calculating precision (Pk), F1-score (F1k), and classification accuracy (ACCk) values 

from equations (5) – (7) for each ML model for individual classes (k=3), the calculated 

values of these metrics are plotted in Figure 5. Figure 5(a) represents precision scores for 

three classes for all models based on the calculation of equation (5). Similarly, 5(b) and 5(c) 

illustrate F1-Score and Accuracy respectively for three classes (correct, partially correct & 

incorrect) for all models based on equations (6) and (7). In Figure 5, green represents correct 

class, orange represents partially correct class and red represents incorrect class. In all cases, 

the Logistic Regression model performed comparatively better than any other algorithms in 

precision, F1-score and accuracy. From the following diagram, 5(a), the precision of the 

Logistic Regression algorithms is found: 0.9 for correct, 0.58 for partially correct and 0.82 is 

for incorrect classes. The F1-score of this algorithm is 0.9 for correct class and 0.6 and 0.81 

for partially correct and incorrect classes respectively. Finally, the accuracy of the Logistic 

Regression classifier is 0.93 for correct, 0.83 for partially correct and 0.84 is for incorrect 

classes. In all cases, K-nearest Neighbors (kNN) and the Decision Tree classifier performed 

comparatively poorly. 

 

 

Figure 5: a) Precision, b)F1-Score, and c) Accuracy of Machine Learning Models for 

Individual (k=3) Classes 

 

After analyzing the individual classes, the researchers investigated overall classifiers’ 

performance based on key performance metrics, such as, accuracy, precision, recall, F1-score, 



 

specificity, AUROC or AUC Score, and mean cross validation score (where, k-Fold=5) [32] – 

[35]. The k-Fold value is selected as 5, because it is the most common k-Fold value according 

to the literature [35]. The ROC-AUC or AUROC or AUC scores of each model are the 

computed value of the area under the ROC curve [36]. The AUROC or AUC score provides a 

summary of the curve information in a single number [36]. The comparative performance 

analysis of the overall models for all classes (correct, partially correct and incorrect) is shown 

in Table 4.  

In calculating and comparing overall ML model performances, the final calculation 

incorporated weighted averages to ensure that each class received relative importance. 

Therefore, this final outcome is different from the above analyses shown in Figure 4 and 5. 

Based on the overall analysis, the Logistic Regression model demonstrates comparatively 

superior performance than any other algorithm. The performance metric score of this 

algorithm is 0.8 in accuracy, precision, recall, and F1-score, 0.9 for specificity, 0.88 for 

AUROC score, and 0.76 is the mean cross validation score (k-Fold=5). Based on this 

comparative analysis shown in Table 4, K-nearest Neighbors (kNN) and Decision Tree 

models are comparatively low performing algorithms. The accuracy, precision, recall and F1-

score of Decision Tree is 0.72, whereas the mean cross validation score for k-Fold=5 for 

Decision Tree classifier is only 0.68. 

 

Table 4: Comparative Performance Analysis of Machine Learning Models for all Classes 

 

7. Discussion 

This study is a comparative analysis of machine learning (ML) models and an exploration of 

observing model performance based on the metrics of accuracy, precision, recall, F1-score, 

Machine 

Learning/ 

AI Models 

Performance Metrics 

Accuracy Precision Recall F1-

score 

Specificity AUROC, 

or AUC 

Score 

Cross 

Validation 

Score, k-

Fold=5 

(mean) 

Logistic 

Regression 

0.80 0.80 0.80 0.80 0.90 0.88 0.76 

Naïve 

Bayes 

0.76 0.78 0.76 0.76 0.89 0.88 0.76 

K-Nearest 

Neighbors 

0.72 0.72 0.72 0.72 0.86 0.84 0.74 

Decision 

Tree 

0.73 0.74 0.73 0.73 0.87 0.79 0.68 

Random 

Forest 

0.74 0.75 0.74 0.75 0.87 0.86 0.73 



 

etc. These machine learning models are tunable mathematical frameworks (i.e., log-linear, 

probabilistic, distance-measure, and tree-based) that determine the model parameters during 

training phase. There is no benchmark set for testing and model performance analysis for 

individual classes and for overall models in this study context. 

From the above analysis, the researchers identified that the Logistic Regression algorithm or 

log-linear model performed comparatively better in all performance metrics of all problem-

solving activities than the others tested. The Logistic Regression algorithm, therefore, is the 

best suited model for the proposed HHMDPSA solution for the LMS platform. The logistic 

regression algorithm may perform better in this study, because of its inherent mathematical 

representation of sigmoid function which typically works better for limited number of ordinal 

data. 

The primary purpose of this study is to demonstrate a viable HHMDPSA solution for 

assessing engineering students’ cognitive sophistication or processes utilized in problem-

solving, and finding the best suited ML algorithms used to do this based on categorical data. 

To the authors’ knowledge, this is one of only a few or even only attempts to integrate both 

qualitative human judgment and mechanistic machine learning algorithms in categorizing and 

assessing engineering students. Although this study is conducted based on sophomore level 

problem-solving data, the HHMDPSA solution can also be applied across all problem-based 

engineering courses. 

Aside from assessing the sophistication of students’ cognitive processes utilized in problem-

solving activities, this HHMDPSA solution can also assist engineering educators in 

categorizing students into certain classes and designing appropriate instructional 

interventions in the form of course materials, instructions, or problem-solving assignments. 

For instance, the instructors can identify that students in ‘incorrect’ (where they did not have 

any part of the solution correct) categories may not spend appropriate time in understanding 

the problem-solving task or may have trouble with specific or contextual applications of 

engineering concepts [6], [37] – [39]. Therefore, some appropriate interventions for those 

groups or categories of students can be designed during tutoring and assisting sessions. By 

providing the practice materials in the weak areas, the instructors can design more group or 

cohort-oriented learning experience. Furthermore, the students in ‘Correct’ (minimal error) 

categories can be asked to submit more challenging or open-ended problem-solving tasks 

with different guidance or support. These pedagogical practices can enhance and personalize 

learning and problem-solving skills for engineering students. 

 

8. Implications 

This study has many implications in academics, industries, and in any training and 

assessment activities in education, finance, marketing or in other areas. This HHMDPSA 

solution can be used to understand and analyze training outcomes, performance, or social 

activities, such as leadership, creativity, critical thinking, role as team members, etc. The 

above analyses can be implemented to assess engineering students’ solution processes and 



 

understand the specific learning needs of the students in both online and offline settings. 

Moreover, the transition from offline to online AI-integrated cognitive achievement based 

assessment tool (i.e., HHMDPSA) could enable the educators and students to cope up with 

both online and offline evaluation practices, resulting in reducing some assessment relevant 

anxiety and mental health issues identified by Lalin and colleagues (2024) [40]. 

The same inquiry can be performed for employees in the corporate settings. In working with 

such Human-Machine integrated solutions, the assessors (such as educators, cognitive 

engagement, human resources, management, trainers, etc.) need to design or select 

appropriate rubric and scales for their own needs of the assessment. The effectiveness of 

HHMDPSA solution depends on AI models and associated preferred data to train the models. 

As stated earlier, HHMDPSA solution is very flexible. This categorical data driven AI 

solution can also integrate other data types, such as text data for training or exam 

experiences, images, videos, etc., into the system. The multimodal AI models can also be 

utilized to make better judgments and decisions. 

 

9. Limitations and Future Direction 

While this study demonstrates a method to utilize AI algorithms to study cognitive processing 

associated with problem-solving, this study, like many others, has its own limitations. First, 

the larger data set (containing more dimensions and observations) may provide a more 

accurate, robust and generalizable model. In that case, deep learning or neural network or 

complex non-linear models (e.g., XGBoost, kernel-based SVMs, etc.) could perform better 

than traditional machine or statistical learning algorithms. Second, the machine learning 

models implemented in this study were not tweaked or tuned, which is outside the scope of 

this study. The tweaking or tuning of the model can improve the overall performance of the 

model. These ML models could also be tuned using multiple encoding techniques, 

oversampling methods, hyperparameter tuning techniques, etc. Third, the HHMDPSA 

solution is not a fully automated system. For fully automated models, the researchers need to 

find algorithms that can study problem-solving data like text data in NLP models. The 

researchers will work on to overcome these three limitations in future studies by collecting 

more data (such as categorical, text, images, etc.), in more venues (such as other courses and 

at other age levels) studying and tuning more sophisticated AI models and finding appropriate 

algorithms to study students’ solution submissions. 
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