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Article

Classification model for job performance supported by neural
networks for University institutions.
Iván Huamán Fernández 1, Esteban Tocto-Cano 1, Hasnain Iftikhar 1 and Javier Linkolk López-Gonzales1,‡

1 Escuela de Posgrado, Universidad Peruana Unión, Lima, Peru
* Correspondence: javierlinkolk@gmail.com

1. Introduction 1

A group of collaborators, composed of psychologists and administrative staff, after 2

reviewing ways to measure job performance, decided to implement the methodology based 3

on functions and general and specific competencies developed by Martha Alles [1]. Based 4

on this methodology, a web-based software was implemented [2] to evaluate performance. 5

The performance evaluation is conducted once a year and involves teaching, non-teaching, 6

administrative, and management staff [3]. 7

Competency-based job performance is a modern method of human talent management 8

that not only measures a worker’s achievements, but also the way in which he or she 9

achieves them, i.e., the skills he or she uses to reach his or her goals. Martha Alles, a leader 10

in human resources management in Latin America, proposes a structured approach that 11

directly links the skills model to performance evaluation, accounting for both technical and 12

behavioral skills. 13

According to Alles, competencies are a set of knowledge, skills, and attitudes that 14

are observable and affect job performance. They can be measured with objective tests. 15

His approach uses tools such as the assessment center, 360°, 180°, and 90° assessment, 16

competency interviews, and behavioral scales to ensure a comprehensive examination of 17

individual and group performance [4]. 18

According to Martha Alles’ methodology, performance is also defined as the observed 19

display of abilities, behaviors, and knowledge aligned with the role and strategy. The 20

model consists of a list of competencies, sets of competencies, a job profile with clearly 21

defined functions, and individual development plans. [5] 22

Numerous international organizations have adopted Martha Alles’s methodology. 23

In Colombia, a competency-based microbusiness management model has been imple- 24

mented using Alles’ methodology to assess and develop employee competencies [6]. In the 25

academic field, 360-degree competency-based evaluation has also been used to improve 26

student performance in educational institutions [7]. 27

In different countries, Martha Alles is not explicitly mentioned, but performance 28

evaluations based on competencies aligned with the methodology she proposes have been 29

implemented. 30

La National Distance Education University UNED (Spain) and the Catholic University 31

of Santiago de Guayaquil (Ecuador) they have designed a competency-based training 32

model for teachers and education professionals with the aim of evaluating competencies 33

and their great importance in the teaching process the results show that teachers between 34

the ages of 25 and 35 prefer to value planning, communication, evaluation, methodology, 35

digital, and tutoring skills, while those over 55 emphasize the importance of digital and 36

innovation skills. [8] 37

In Peru, studies were conducted using a non-experimental, cross-sectional design with 38

a descriptive-propositional approach. The results showed deficiencies in specific processes 39

related to personnel selection and hiring, as well as a lack of incentives affecting staff 40

development and motivation. When the model was implemented in human resources, it 41

proved effective in improving work performance. [9] 42

Version February 12, 2026 submitted to Algorithms https://www.mdpi.com/journal/algorithms

1

1

1

8

12

Página 6 de 20 - Engrega de integridad Identificador de la entrega trn:oid:::29566:556622864

Página 6 de 20 - Engrega de integridad Identificador de la entrega trn:oid:::29566:556622864

https://doi.org/10.3390/a1010000
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com
https://www.mdpi.com/journal/algorithms


Version February 12, 2026 submitted to Algorithms 2 of 15

2. Related work 43

Performance is a key factor in a company’s success, and research on artificial intelli- 44

gence has been conducted in various countries. This is illustrated in the following study, 45

which uses traditional methods such as KPIs and 360° evaluations, although these methods 46

have limitations in capturing the complex aspects of job performance. To overcome these 47

limitations, machine learning-based techniques allow for the processing of large amounts 48

of multidimensional data, improving predictive capabilities. BP neural network models 49

have demonstrated the capability to detect nonlinear trends in labor variables, leading to 50

outcomes that are both more precise and scalable [10,11]. 51

In any part of the world, without a doubt, a company’s success lies in the good perfor- 52

mance of its employees. Thanks to the good performance of the employees, productivity is 53

improved. Identifying underperforming employees is a strategic step toward implementing 54

improvements. In this regard, they use artificial intelligence to perform a comparative 55

analysis of different algorithms to classify performance based on various factors. [12] 56

In matters related to employee behavior, he made predictions about staff turnover 57

using machine learning algorithms, among which Logistic Regression, Decision Tree, Ran- 58

dom Forest, Neural Networks, and Support Vector Machine stood out for their effectiveness 59

in predicting employee turnover, for which employee data was used. It is particularly 60

noteworthy that the Random Forest algorithm is the most widely used technique because 61

it achieved the highest index and accuracy. [13] 62

Artificial intelligence is playing an important role in the management of human talent 63

in companies, from recruitment processes and employee retention to improving worker 64

performance. Human talent management is a strategic area in companies that want to 65

achieve better performance in the key factor: the worker. In this research, predictive analysis 66

is performed in human resource management, examining machine learning algorithms 67

including XGBoost, SVM, random forest, and linear regression, with the result that using 68

this technology can automate human resource processes. However, it does not ignore 69

important concerns regarding data privacy, resistance to change, and biases in algorithms, 70

for which it is important to adopt theoretical frameworks regarding the use of AI [14]. 71

3. Methodological Framework 72

In this study, the soft systems methodology (SSM) is selected because recent literature 73

highlights that SSM can function as a primary methodological framework, not just as a com- 74

plement [15], as it has a clear structure, applicable stages, and analytical traceability, which 75

makes it an organizational learning methodology that allows for comparing, analyzing, 76

and negotiating changes[16]. 77

Soft Systems Methodology (SSM) facilitates organizational learning, integration of 78

perspectives, and identification of feasible and socially acceptable changes (see Figure 1). It 79

is particularly effective in educational, organizational, and public policy contexts that are 80

characterized by high complexity and uncertainty[17]. 81

20

22

32
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Figure 1. Soft System Methodology

3.1. Proposal for improvement 82

This research proposes to evaluate performance in order to detect the behavior of 83

employees in tasks that are relevant to the organization. However, although this process 84

generates a wealth of data on university talent, very few subsequent analyses are produced 85

based on the data collected. Taking advantage of the results of the performance evaluation 86

process, giving value to the data obtained, can bring great benefits to the institution and, 87

consequently, to the country in general. One of the clear results of the subsequent analysis 88

of this data is the obtaining of relevant information to focus actions that tend to improve the 89

performance of workers, establishing effective training plans, whose results can be quanti- 90

fied over time. Another important result that could be obtained from a subsequent analysis 91

of performance evaluations has to do with university staff hiring and termination policies. 92

Ultimately, these are also judged through employee performance, year after year. Another 93

important result, now from an organizational point of view, is that a university human 94

talent management policy, using instruments that are as objective as possible, guarantees 95

an appropriate working environment, as employees clearly know how they will be judged 96

for their work, without finding that their efforts are not appropriately rewarded when they 97

are meritorious, but also, conversely, understanding that if the expected standards are not 98

met, there will surely be undesirable consequences [18] [19] 99

3.2. Understanding the problem or need 100

The performance management process is an integrated cycle that includes perfor- 101

mance evaluation planning, supervision, communication, application of the evaluation 102

tool, processing of the results obtained, and actions that can be taken to that effect. It is a 103

complex process that includes reviewing the duties and responsibilities of each position, 104

setting expectations, assessing performance, and determining objectives and goals. It also 105

includes advising employees on performance evaluation and implementing an action plan. 106

At the University of Peru, the performance evaluation process is based on the text 107

entitled “Competency-based performance: 360° evaluation.” [4] 108
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The Peruvian government, through the Ministry of Education, seeks to ensure that 109

students and educational institutions achieve quality learning, to provide higher education 110

that fosters an environment conducive to national development and competitiveness. To 111

this end, efforts are being made at the university level to strengthen the capacity of faculty 112

and administrative staff. Two entities have been established to contribute to these objectives. 113

3.3. Understanding performance evaluation 114

We use CATWOE to clarify, analyze, and define stakeholder perspectives and structure 115

solutions. The analysis consists of breaking down the following. [20] [21] [22] 116

Customers: 117

• The Institution. 118

• University students. 119

• Society. 120

Actors: 121

• Teachers. 122

• Administrative staff. 123

Transformation: 124

• Improve the performance evaluation system, supported by machine learning 125

solutions. 126

Worldview: 127

• The best teaching performance is an indispensable factor in an institution that 128

guaranties high-quality education. 129

Owner: 130

• University council. 131

• Senior institutional management 132

Environment/Constraints: 133

• Educational regulations. 134

• Budget 135

• Organizational culture 136

3.4. Stages of solutions 137

The dataset used in this study comprises a total of 18,947 samples and 14 features, 138

occupying 9.63 MB of memory. It includes both categorical (8 columns) and numerical (6 139

columns) variables. The dataset is well-structured and complete, with no missing values 140

across any feature, resulting in an overall data completeness of 100%. Only a negligible 141

fraction of duplicate records (22 rows, 0.12%) was identified, indicating excellent data 142

quality. 143

The primary outcome variable for regression tasks is the Average score, which ranges 144

from 16.00 to 100.00, with a mean of 87.78, a standard deviation of 13.39, and a median 145

of 92.00. The distribution is left-skewed (skewness = –1.486) and heavy-tailed (kurtosis = 146

2.486), with 2.53% of values flagged as potential outliers. To support classification tasks, 147

a categorical performance indicator (Performance_Class) was derived from the average 148

score using three thresholds: Low (≤85.00), Medium (≤97.00), and High (>97.00). The 149

resulting class distribution is relatively balanced, with 6,426, 6,766, and 5,755 samples in 150

the Low, Medium, and High categories, respectively. 151

The dataset covers the years 2012–2024 and includes demographic, functional, and 152

organizational attributes. Key categorical variables are LOCAL (three locations, dominated 153

by Lime with 13,431 cases), Gender (male: 10,371; female: 8,576), Department (96 unique 154

values), Position (1,105 unique roles), and Evaluator type (four groups, with immediate 155

supervisors representing the most significant share at 8,604 evaluations). Several columns 156
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exhibit high cardinality, such as Document number, Department, Birthdate, and Position, 157

which were further processed through feature engineering. 158

The numerical predictors are diverse in scale and content. For instance, Age spans from 159

18 to 87 years (mean = 43.72), while performance-related components such as By function, 160

Functional Comp., and Organizational Comp. show mean values of 87.48, 86.59, and 161

90.92, respectively, each distributed within the 6–100 range. The Year variable (2012–2024) 162

was leveraged to construct tenure-related features. 163

Extensive preprocessing was conducted to ensure data readiness. Missing values 164

were handled systematically (median imputation for numerical variables and mode im- 165

putation for categorical ones), and categorical features were encoded using LabelEncoder. 166

Feature engineering steps included deriving Age_Group from birthdates, creating a com- 167

bined Dept_Position feature with 1,625 unique department–position pairs, and computing 168

a Composite_Score that synthesizes multiple performance indicators. Additionally, an 169

Experience_Proxy variable was developed to approximate tenure based on the year of 170

evaluation. To prepare the features for downstream modeling, scaling was applied using 171

StandardScaler, ensuring consistent representation across regression and classification 172

models. 173

Given the dataset’s size, a random subset of 10,000 samples was used for training 174

computationally intensive algorithms such as neural networks and support vector machines. 175

For evaluation, both 80/20 and 50/50 train–test splits were used to assess model robustness 176

across different data partitions [23]. 177

Thus, the dataset is comprehensive, well-curated, and high-quality, providing a strong 178

foundation for both regression and classification analyzes. The balanced target distributions, 179

engineered features, and preprocessing steps enhance its suitability for applying a wide 180

range of machine learning models[24]. 181

3.5. Preprocessing Recommendations 182

For categorical encoding, a mixed strategy is advised. Low-cardinality variables such 183

as LOCAL, Gender, Scale, and Evaluator type can be efficiently processed using either 184

label encoding or one-hot encoding. In contrast, high-cardinality features such as Document 185

number, Department, Birthdate, and Position are better suited for target encoding to 186

reduce dimensionality while retaining predictive information. All numerical features were 187

standardized using the StandardScaler to ensure consistency across models. 188

Given the dataset size of 18,947 samples, a wide range of machine learning algorithms 189

can be considered appropriate. In particular, regression models such as Ridge and Lasso 190

regression provide robust baselines. Tree-based models, including Decision Tree, Random 191

Forest, Extra Trees, and Gradient Boosting, are expected to capture nonlinear relationships 192

effectively. Instance-based and kernel-based approaches, such as K-nearest neighbors 193

(KNN) and support vector machines with radial basis function (RBF) kernels, are also 194

suitable, particularly when applied with a 50/50 train–test evaluation strategy. Finally, 195

neural networks (multi-layer perceptrons) are viable candidates for capturing complex 196

patterns, though training efficiency considerations warrant the use of random sampling for 197

computationally intensive runs. 198

3.6. Predictive Modeling 199

Ridge Regression 200

Ridge Regression is a linear regression method with L2 regularization that penalizes
large coefficients to reduce overfitting[25]. Given training data {(xi, yi)}n

i=1, the Ridge
optimization problem is:

β̂ridge = arg min
β

{
n

∑
i=1

(yi − x⊤i β)2 + λ∥β∥2
2

}
,

where λ ≥ 0 controls the strength of regularization. 201

3

13

13

16

29

30
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The closed-form solution is:

β̂ridge = (X⊤X + λI)−1X⊤y.

Lasso Regression 202

Lasso Regression introduces an L1 penalty, promoting sparsity in the coefficient vector:

β̂lasso = arg min
β

{
n

∑
i=1

(yi − x⊤i β)2 + λ∥β∥1

}
.

The L1 penalty encourages some coefficients to become exactly zero, effectively performing 203

feature selection[25]. 204

Linear Support Vector Regression (Linear SVR) 205

Support Vector Regression builds a linear function with ϵ-insensitive loss [26]:

f (x) = w⊤x + b.

The optimization is:

min
w,b,ξ,ξ∗

1
2
∥w∥2 + C

n

∑
i=1

(ξi + ξ∗i )

subject to:
yi − (w⊤xi + b) ≤ ϵ + ξi,

(w⊤xi + b)− yi ≤ ϵ + ξ∗i ,

ξi, ξ∗i ≥ 0.

Gradient Boosting 206

Gradient Boosting builds an ensemble of weak learners (usually decision trees) by
sequentially minimizing a loss function. Starting with an initial model:

F0(x) = arg min
γ

n

∑
i=1

L(yi, γ),

each boosting stage adds a new tree hm(x):

Fm(x) = Fm−1(x) + ηhm(x),

where η is the learning rate and:

hm(xi) ≈ −∂L(yi, Fm−1(xi))

∂Fm−1(xi)
.

Extra Trees 207

Extra Trees (Extremely Randomized Trees) are an ensemble of decision trees [27] where 208

both: 209

• features are selected randomly, 210

• split thresholds are chosen at random. 211

For a regression tree, the prediction at a leaf is the mean of target values:

ŷleaf =
1
|L| ∑

i∈L
yi.

2

3

4

15

21

23

27
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The ensemble prediction is:

ŷ =
1
M

M

∑
m=1

Tm(x),

where Tm is the m-th randomized tree. 212

Neural Network (MLP) 213

A Multilayer Perceptron with one hidden layer computes:

ŷ = f (x) = w⊤
2 σ(W1x + b1) + b2,

where: 214

• W1 and w2 are weight matrices, 215

• σ(·) is an activation function (e.g., ReLU, tanh), 216

• b1, b2 are bias terms. 217

The network is trained by minimizing:

min
Θ

n

∑
i=1

(yi − f (xi; Θ))2 + λΩ(Θ),

where Θ is the set of all parameters. 218

Random Forest 219

A Random Forest averages predictions from many independently built decision trees
using bootstrap samples. The model prediction is:

ŷ(x) =
1
M

M

∑
m=1

Tm(x),

where each tree Tm is trained on a bootstrap subset, and feature subsets are randomly 220

selected at each split. 221

Each tree is built by minimizing the node impurity:

MSE =
1
|S| ∑

i∈S
(yi − ȳS)

2.

Decision Tree 222

A regression tree recursively partitions the feature space to minimize the mean squared
error at each split. For a node S, the optimal split (j, t) is:

(j∗, t∗) = arg min
j,t

(
|SL|
|S| MSE(SL) +

|SR|
|S| MSE(SR)

)
,

where SL and SR are left and right partitions. 223

The output at a leaf is:
ŷ = ȳS.

k-Nearest Neighbors (KNN) 224

KNN predicts values by averaging the k nearest neighbors of a query point x in feature 225

space. 226

Define the neighbor set:

Nk(x) = {i | xi is among the k closest points to x}.

17
17
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The prediction is:

ŷ(x) =
1
k ∑

i∈Nk(x)
yi.

Distance is typically measured using Euclidean distance:

d(x, xi) = ∥x − xi∥2.

3.7. Evaluation 227

In this paper, model evaluation metrics quantify how well a predictive model ap- 228

proximates the relationship between input features and the target variable. The most 229

commonly used metrics include the coefficient of determination (R2), Mean Absolute Error 230

(MAE), and Root Mean Squared Error (RMSE). Each metric captures different aspects of 231

prediction quality and provides complementary information about model accuracy and 232

error distribution. 233

3.7.1. Coefficient of Determination 234

The coefficient of determination, denoted by R2, measures the proportion of variance
in the dependent variable that is explained by the model. It is defined as:

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ȳ)2 ,

where yi represents the true values, ŷi the predicted values, and ȳ the mean of the observed 235

values. 236

The numerator,

SSE =
n

∑
i=1

(yi − ŷi)
2,

is the sum of squared errors, while the denominator,

SST =
n

∑
i=1

(yi − ȳ)2,

is the total sum of squares. 237

An R2 value of 1 indicates perfect prediction, whereas a value of 0 implies that the 238

model performs no better than predicting the sample mean. Negative values may occur 239

when the model performs worse than this baseline. 240

3.7.2. Mean Absolute Error (MAE) 241

Mean Absolute Error calculates the average magnitude of the errors without consider-
ing their direction. It is defined as:

MAE =
1
n

n

∑
i=1

|yi − ŷi|.

MAE provides a straightforward, interpretable measure of prediction accuracy in 242

the same units as the target variable. Because it uses absolute differences, MAE treats 243

all deviations linearly and is less sensitive to outliers compared to squared-error-based 244

metrics. 245

2
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3.7.3. Root Mean Squared Error (RMSE) 246

Root Mean Squared Error measures the square root of the average squared differences
between actual and predicted values:

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2.

RMSE penalizes larger errors more heavily due to squaring, making it particularly 247

sensitive to outliers or large deviations. Like MAE, RMSE is expressed in the original units 248

of the target variable, making it interpretable and easy to compare across models. 249

Interpretation and Comparison of Metrics 250

• R2: Measures explained variance. Higher values indicate better fit, but it does not 251

capture error magnitude directly. 252

• MAE: Represents the average prediction error. It is robust to outliers and easy to 253

interpret. 254

• RMSE: Similar to MAE but penalizes large errors more. A lower RMSE indicates 255

better predictive accuracy and more stable predictions. 256

Together, these metrics provide a comprehensive evaluation of regression models, 257

balancing goodness-of-fit (R2) with direct measurements of prediction error (MAE and 258

RMSE). 259

4. Results 260

Figure 2 presents a comprehensive correlation-based diagnostic of the performance pre- 261

diction framework, offering insights into both feature interrelationships and their explana- 262

tory power with respect to the target variable (Average Score). However, the full feature 263

correlation matrix (Figure 2(a)) reveals a clear structural pattern in the data. Performance- 264

related constructs—namely Composite Score, Functional Component, By-Function Com- 265

ponent, and Organizational Component—exhibit very strong positive correlations with 266

one another, indicating that these dimensions capture closely related aspects of employee 267

performance evaluation. In contrast, most demographic and administrative variables 268

(e.g., Gender, Age, Position, and Local) show weak or near-zero correlations with both 269

performance metrics and the target variable, suggesting limited direct influence on the final 270

evaluation outcomes. Notably, Department and Department-Position display moderate 271

negative correlations with performance-related measures, implying possible structural or 272

organizational heterogeneity across units. On the other hand, the feature-target correlation 273

analysis (Figure 2(b)) further clarifies the relative importance of predictors. Composite 274

Score demonstrates the strongest association with the Average Score, followed closely 275

by Functional Component and By-Function Component, all with correlation coefficients 276

exceeding 0.94. This confirms that the Average Score is largely driven by aggregated and 277

function-based performance measures. The Organizational Component also shows a strong 278

positive relationship, though slightly weaker than the other core performance indicators. In 279

contrast, evaluator characteristics (Evaluator Type), temporal factors (Year), and experience- 280

related proxies contribute only marginally. Departmental variables show small but negative 281

correlations, suggesting that institutional placement may influence scoring patterns rather 282

than individual performance. 283

In the same way, Figure 2(c) focuses on statistically meaningful correlations (|r| > 0.1), 284

highlighting a reduced set of influential variables. The heatmap underscores the dominance 285

of performance composites, which maintain high internal consistency and strong links to the 286

Average Score. The near-perfect correlation between Department and Department-Position 287

indicates redundancy and suggests potential multicollinearity that should be addressed in 288

predictive modeling. Meanwhile, the modest correlations of Year and Experience Proxy 289

with the target suggest gradual temporal or tenure-related effects, but not primary drivers 290

of performance outcomes. Finally, the distribution of the target variable (Figure 2(d)) 291

2
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illustrates a pronounced left-skewed pattern, with scores heavily concentrated at the upper 292

end of the scale. The mean (≈ 87.8) is below the median (≈ 92.0), indicating a ceiling 293

effect in which a large proportion of individuals receive high performance ratings. This 294

distributional characteristic has important modeling implications, as it may reduce variance 295

in the dependent variable and bias predictive accuracy if not properly handled. Therefore, 296

the figures collectively demonstrate that composite and functional evaluation metrics 297

overwhelmingly influences the performance prediction model, while demographic and 298

organizational variables play a secondary, contextual role. 299

(a) Full feature correlation matrix (b) Feature correlation with the target variable

(c) Significant correlations (|r| > 0.1) (d) Distribution of the average score

Figure 2. Correlation analysis for the performance prediction model. (a) Full feature correlation
matrix. (b) Correlation between individual features and the target variable (average score). (c)
Heatmap of statistically significant correlations (|r| > 0.1). (d) Distribution of the target variable
(average score).

The results obtained from Block 1, which used a 5-fold cross-validation scheme with 300

an 80/20 train-test split, demonstrate consistently strong performance across all evaluated 301

regression models. Among these, Ridge Regression emerged as the top-performing model, 302

achieving the highest Test R2 of 99.96% and an equally strong cross-validation mean 303

of 99.95% with a very small standard deviation of ±0.02, highlighting both accuracy 304

and exceptional stability. Lasso Regression and the Linear SVM also performed nearly 305

identically to Ridge Regression, with Test R2 scores of 99.95% and similarly low cross- 306

validation variability, indicating that linear relationships dominate the dataset and that 307

L1/L2 regularization or margin-based linear approaches are well-suited for this task. 308
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Nonlinear ensemble models such as Gradient Boosting and Extra Trees showed slightly 309

lower but still excellent performance, with Test R2 scores of 99.93% and cross-validation 310

results of 99.91% (±0.04) and 99.85% (±0.14), respectively. The slightly higher standard 311

deviations for these models indicate increased sensitivity to the specific training subsets 312

used during cross-validation, reflecting the inherent variance in tree-based approaches. 313

The Neural Network (MLP) achieved a Test R2 of 99.79% with a perfect cross-validation 314

standard deviation of ±0.00, suggesting consistent convergence across folds. However, 315

its RMSE and MAE were higher than those of the linear models, suggesting that linear 316

functions more accurately represent the underlying data structure. Random Forests also 317

performed well (Test R2 = 99.49%), though with a higher cross-validation variance of ±0.38, 318

confirming that larger ensembles do not necessarily outperform simpler linear methods in 319

this context. 320

The Decision Tree and KNN regressors exhibited notably lower performance, with 321

Test R2 values of 97.00% and 97.44%, respectively. Their higher cross-validation variances 322

(Decision Tree: ±1.04; KNN: ±1.66) and larger error metrics indicate that they are more 323

sensitive to sampling variation and less capable of capturing the global structure of the 324

data. 325

Table 1. Block 1: Regression Results Using 5-Fold Cross-Validation with an 80/20 Train–Test Split.

Model Test R2 (%) CV5 R2 (%) CV5 Std RMSE MAE

Ridge Regression 99.96 99.95 ±0.02 0.283 0.213
Lasso Regression 99.95 99.95 ±0.02 0.301 0.241
Linear SVM 99.95 99.92 ±0.03 0.293 0.237
Gradient Boosting 99.93 99.91 ±0.04 0.359 0.224
Extra Trees 99.93 99.85 ±0.14 0.365 0.182
Neural Network (MLP) 99.79 99.79 ±0.00 0.598 0.460
Random Forest 99.49 99.26 ±0.38 0.964 0.490
Decision Tree 97.00 96.13 ±1.04 2.328 1.215
KNN 97.44 90.77 ±1.66 2.153 1.536

Block 2 extends the analysis by employing 10-fold cross-validation, offering more 326

robust and finely resolved evaluations of model stability and generalization. Across nearly 327

all models, the results are consistent with those from Block 1, reaffirming the dominance 328

of linear methods for this dataset. Ridge Regression once again delivers the best overall 329

performance, achieving a Test R2 of 99.96% and a 10-fold cross-validation mean of 99.95% 330

with an extremely small standard deviation of ±0.02. Lasso Regression and Linear SVM 331

match this performance, further reinforcing the conclusion that the target variable is 332

governed by highly linear relationships. 333

Tree-based and boosting models again follow closely behind. Gradient Boosting 334

retains strong performance (Test R2 = 99.93%, CV = 99.91% ±0.04), while Extra Trees 335

shows slightly higher instability (Test R2 = 99.93%, CV = 99.87% ±0.15), consistent with its 336

randomized splitting mechanism. The Neural Network achieves a Test R2 of 99.82% and a 337

perfectly stable cross-validation spread (±0.00), confirming consistent training behavior 338

across folds, though its higher RMSE and MAE again reveal that nonlinear architectures do 339

not offer meaningful advantages over simpler linear methods. 340

Random Forest continues to trail the higher-performing models, with a Test R2 of 341

99.49% and a noticeably larger cross-validation standard deviation of ±0.46, suggesting 342

greater sensitivity to variations in the training data. The lower-tier models, Decision Tree 343

and KNN, again show limited performance. Decision Tree exhibits a Test R2 of 97.00% 344

with considerable variability (±1.95), while KNN achieves 97.44% Test R2 but only 91.76% 345

mean cross-validation performance, indicating substantial instability and the effects of 346

high-dimensional distance limitations. 347

Overall, both experimental blocks reveal a consistent hierarchy of model performance. 348

Ridge Regression, Lasso Regression, and Linear SVM stand out as the most accurate 349

31
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and stable models, confirming the dominance of linear patterns in the underlying data. 350

Gradient Boosting and Extra Trees provide strong but slightly less stable alternatives, while 351

the Neural Network shows reliable but not superior performance. Random Forest, Decision 352

Tree, and KNN exhibit lower accuracy and stability, making them less suitable for this 353

highly deterministic regression task. 354

Table 2. Block 2: Regression Results Using 10-Fold Cross-Validation with an 80/20 Train–Test Split.

Model Test R2 (%) CV10 R2 (%) CV10 Std RMSE MAE

Ridge Regression 99.96 99.95 ±0.02 0.283 0.213
Lasso Regression 99.95 99.95 ±0.02 0.301 0.241
Linear SVM 99.95 99.95 ±0.02 0.293 0.237
Gradient Boosting 99.93 99.91 ±0.04 0.359 0.224
Extra Trees 99.93 99.87 ±0.15 0.365 0.182
Neural Network (MLP) 99.82 99.82 ±0.00 0.556 0.430
Random Forest 99.49 99.29 ±0.46 0.964 0.490
Decision Tree 97.00 96.64 ±1.95 2.328 1.215
KNN 97.44 91.76 ±1.40 2.153 1.536

5. Discussion 355

The results from both the 5-fold and 10-fold cross-validation experiments provide 356

strong evidence that the dataset exhibits highly linear relationships between the input 357

features and the target variable Average_Score. This is evident from the consistently 358

superior performance of linear models such as Ridge Regression, Lasso Regression, and 359

Linear SVM, all of which achieve near-perfect predictive accuracy with extremely low error 360

metrics and minimal cross-validation variance. Among them, Ridge Regression emerges as 361

the best-performing model, achieving a Test R2 of 99.96% and cross-validation scores of 362

99.95% with a remarkably small standard deviation of only ±0.02. This suggests that the L2 363

regularization used in Ridge effectively stabilizes coefficient estimates without sacrificing 364

bias, making it highly suitable for this dataset. 365

The similar performance of Lasso Regression and Linear SVM further supports the 366

notion that the underlying relationships in the data are predominantly linear. Lasso’s 367

ability to perform feature selection did not yield improvements over Ridge, indicating that 368

most input variables contribute meaningful information and that sparsity is not essential 369

for optimal performance. Likewise, the strong results from Linear SVM imply that the 370

error distribution is well-contained within a linear margin, making nonlinear kernels 371

unnecessary. 372

Nonlinear and ensemble-based models such as Gradient Boosting, Extra Trees, and 373

Random Forest also demonstrate strong predictive capability but do not surpass the linear 374

approaches. Gradient Boosting, for instance, reaches a Test R2 of 99.93% and CV10 R2
375

of 99.91%, showing that while it can capture nonlinear interactions, these interactions 376

add only marginal predictive value beyond what linear models already capture. Extra 377

Trees and Random Forest, although powerful for modeling complex feature interactions, 378

exhibit higher variance across folds. This increased variability likely arises from their 379

reliance on random splits and sensitivity to local data variations. The comparatively lower 380

performance of Random Forest (CV10 R2 = 99.29%) suggests that aggregating multiple 381

trees does not sufficiently address these instabilities when relationships in the data are 382

dominantly linear. 383

The Neural Network (MLP) model presents an interesting case. While its Test R2
384

(99.82%) is competitive, it does not reach the performance of the linear models or the 385

best-performing ensemble methods. Its RMSE and MAE values are also relatively higher. 386

This indicates that introducing nonlinear activation functions and deep-learning complexity 387

does not yield significant benefits, and may even introduce unnecessary noise or overfitting. 388

However, the Neural Network demonstrates perfect cross-validation stability (CV Std = 389

2

7
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0.00), suggesting that the model converges consistently under the given architecture and 390

hyperparameters. This stability may be attributed to well-tuned optimization settings and 391

the model’s capacity to generalize smoothly across training folds. 392

In contrast, the Decision Tree and KNN models perform substantially worse than all 393

other candidates. The Decision Tree shows pronounced overfitting, reflected in its lower 394

Test R2 (97.00%) and its extremely high variance across folds (CV Std up to ±1.95). Its 395

hierarchical structure, while capable of modeling nonlinearity, is prone to instability when 396

small perturbations in the data alter split choices. Similarly, KNN suffers due to the high 397

dimensionality and scale sensitivity of the dataset. Its CV10 R2 of 91.76% and relatively 398

high RMSE/MAE values indicate that local averaging is insufficient for capturing global 399

patterns, especially in a dataset where linear trends dominate. 400

Comparing the 5-fold and 10-fold CV results reveals a high degree of consistency 401

across experimental settings. The performance rankings remain unchanged, and deviations 402

between the two CV schemes are minimal. This further validates the robustness of the 403

findings and indicates that the dataset offers sufficient sample diversity across folds. 404

Overall, the results highlight the strong suitability of linear modeling techniques for 405

this prediction task. The exceptional performance of Ridge Regression, along with the 406

sustained reliability of Lasso and Linear SVM, underscores the linearity and low-noise 407

structure of the dataset. Ensemble and nonlinear models, despite their greater flexibility, 408

do not offer significant advantages and may introduce additional complexity without 409

corresponding improvements in predictive accuracy. 410

The observed trends also suggest several avenues for future work. Investigating the 411

coefficients of the linear models could provide interpretable insights into which features 412

contribute most strongly to Average_Score. Additionally, dimensionality reduction meth- 413

ods such as PCA or feature clustering could be explored to determine whether the removal 414

of redundant information affects model stability or performance. Finally, evaluating the 415

models on external or more heterogeneous datasets would help assess generalizability and 416

ensure that the superior performance of linear models is not an artifact of dataset-specific 417

properties. 418

6. Conclusion 419

The experimental findings demonstrate that linear models, particularly Ridge Regres- 420

sion, consistently deliver the highest predictive performance for estimating the Average_Score421

target variable across all evaluation settings. In both the 5-fold and 10-fold cross-validation 422

blocks, Ridge Regression achieves the highest R2 scores (Test R2 = 99.96%; CV = 99.95% 423

±0.02), paired with the lowest RMSE and MAE values, indicating exceptional accuracy and 424

robustness. Lasso Regression and Linear SVM follow closely, exhibiting similarly strong 425

performance with minimal variance across folds, reinforcing the presence of dominant 426

linear relationships within the dataset. 427

Ensemble-based methods such as Gradient Boosting and Extra Trees also perform 428

at a high level (CV10 R2: 99.91% and 99.87%, respectively), though they exhibit slightly 429

higher variance, reflecting their sensitivity to complex feature interactions and potential 430

overfitting. Tree-based models like Random Forest and Decision Tree show comparatively 431

lower performance and substantially higher variability (e.g., Decision Tree CV Std up to 432

±1.95), illustrating their limitations in modeling the smooth linear patterns present in the 433

data. The KNN model performs the weakest (CV10 R2 = 91.76%), likely due to sensitivity 434

to feature scaling, noise, and the curse of dimensionality. 435

The Neural Network (MLP) shows excellent predictive power (Test R2 ≈ 99.8%), but 436

its higher RMSE and MAE compared with linear models highlight that the additional 437

nonlinearity does not provide meaningful advantages given the inherently linear structure 438

of the dataset. Interestingly, the MLP demonstrates perfect fold-to-fold consistency (CV Std 439

= 0.00), indicating stable optimization despite slightly inferior absolute performance. 440

Overall, the results confirm that the dataset is dominated by strong linear correlations, 441

enabling linear models to outperform more complex nonlinear approaches. Features such as 442

16

19 19

24

Página 18 de 20 - Engrega de integridad Identificador de la entrega trn:oid:::29566:556622864

Página 18 de 20 - Engrega de integridad Identificador de la entrega trn:oid:::29566:556622864



Version February 12, 2026 submitted to Algorithms 14 of 15

Composite_Score and other aggregate academic indicators provide substantial explanatory 443

power, reducing the need for complex architectures. Furthermore, the comparison between 444

the 5-fold and 10-fold CV schemes shows consistent performance trends, reinforcing the 445

reliability and stability of the models across different data partitions. 446

In future work, a deeper analysis of feature importance within linear models may help 447

reveal the extent to which each predictor contributes to the near-perfect accuracy observed. 448

Additionally, dimensionality reduction techniques (e.g., PCA) could be explored to evaluate 449

whether model performance remains stable when reducing redundancy among correlated 450

features. Investigating model generalization on external or more diverse datasets could 451

further validate the robustness of these findings. 452
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