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Abstract  

Manual resume screening is an inefficient and bias-prone process, yet comprehensive benchmarks of machine learning models 

on imbalanced, real-world recruitment data remain scarce. This study addresses this gap by benchmarking seven models from 

classical, ensemble, and deep learning paradigms for automated resume classification. Using a private dataset of 2,483 

resumes across 24 job categories, this study evaluates the models with distinct TF-IDF and BERT embedding feature pipelines 

and an adaptive strategy for handling class imbalance (Class Weights, SMOTE, SMOTEENN). The results showed that the 

XGBoost model achieved the highest performance (weighted F1-score of 0.779), followed by the highly competitive BERT (F1 

0.728) and Random Forest (F1 0.711) models. Despite these methods, all models struggled with extreme minority classes, 

confirming data scarcity as a primary limitation. This study provides a valuable benchmark and an evidence-based framework 

for HR practitioners, highlighting the critical trade-off between predictive performance (XGBoost), interpretability (Random 

Forest), and semantic capability (BERT). The findings conclude that the primary challenge is data representation, steering 

future work towards data augmentation and fairness audits. 
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1. Introduction  

The exponential growth of job applicants in the digital 

era has intensified the need for efficient resume 

screening systems in human resource (HR) 

departments. Traditional manual screening processes 

are time-consuming, prone to human bias, and 

inefficient for large-scale recruitment [1] - [3]. To 

address this, organizations increasingly adopt artificial 

intelligence (AI)-driven tools, ranging from classical 

machine learning (ML) algorithms, advanced ensemble 

methods, to Transformer-based deep learning models 

such as BERT to automate resume classification [4], [5]  

While these models are promising, comparative 

evaluations that measure their performance, efficiency, 

and interpretability in the context of real-world, 

imbalanced recruitment data remain limited [6]. A 

primary challenge is the trade-off between the 

predictive accuracy of advanced "black-box" models 

and the practical needs of HR workflows [7] - [9], such 

as computational efficiency and interpretability [10]. 

Although traditional models like Random Forest (RF) 

are known for their transparency [11], [12], they are 

rarely benchmarked directly against more complex 

counterparts like gradient boosting or transformers in 

resume screening tasks [13] - [15]. This results in a lack 

of comprehensive, comparative evidence to guide the 

selection of appropriate AI tools in HR 

This gap is concerning because, without a 

comprehensive benchmark, HR departments risk 

making uninformed decisions when adopting AI 

technologies [16] - [19]. They may invest in 

computationally expensive and uninterpretable deep 

learning models that are ill-suited to their operational 

scale and fail to meet fairness and transparency 

standards [20]. Conversely, they might rely on overly 

simplistic models that lack the necessary predictive 

power, thus failing to identify the best candidates [21]. 

This lack of evidence-based guidance hinders the 

mailto:1fitri.noor.febriana-2024@pasca.unair.ac.id
https://doi.org/10.29207/resti.v9i6.7123
https://creativecommons.org/licenses/by/4.0/
https://www.iaii.or.id/


Febriana et al                                 Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi), Vol. 9 No. 6 (2025) 

 

                                                                                       1330 

 

effective and responsible adoption of AI in recruitment, 

potentially leading to inefficient resource allocation and 

perpetuating biases, which undermines the goal of 

equitable hiring [22]. 

This study aims to fill this gap by conducting a 

systematic benchmark of seven ML models, spanning 

the classical (Naive Bayes, SVM, Logistic Regression), 

ensemble (Random Forest, XGBoost), and transformer 

(BERT) categories, using a curated resume dataset. The 

study utilizes a dataset comprising 2,483 resumes 

annotated into 24 job categories, which exhibits 

significant class imbalance. By applying two distinct 

feature extraction workflows [23], [24] , TF-IDF for the 

classical and ensemble models [25], [26], and 

contextual embeddings for the transformer model [27], 

this research evaluates each model based on its 

performance, scalability, and potential interpretability 

[28]. This analysis allows for a fair comparison between 

the ability of statistical-based models to capture key 

patterns and the capacity of semantic models to 

understand contextual nuances. 

Through this evaluation, this research provides several 

contributions. Empirically, the study presents a 

comprehensive performance benchmark that can serve 

as a reference for future research in the field of HR 

analytics. Practically, our findings offer an evidence-

based framework to assist HR professionals in selecting 

context-appropriate models, balancing predictive 

accuracy with operational constraints such as 

interpretability requirements and computational 

resources. As such, this research is relevant to the 

broader effort to support the goal of SDG 8 in 

promoting productive employment opportunities for all. 

2. Methods 

This methodology section outlines a systematic 

approach to evaluating the performance of seven 

machine learning models in resume classification. This 

study adopts the Cross Industry Standard Process for 

Data Mining (CRISP-DM) [29], [30] to systematically 

evaluate and compare models spanning classical (Naive 

Bayes, SVM, Logistic Regression), ensemble (Random 

Forest, XGBoost), and deep learning (Neural Networks, 

BERT) paradigms. As illustrated in Figure 1, the 

methodology follows six interconnected phases: (1) 

Business Understanding, (2) Data Understanding, (3) 

Data Cleansing and Preprocessing, (4) Modeling, (5) 

Evaluation, and (6) Deployment. 

 

Figure 1. CRISP-DM methodology implementation. 

2.1 Data Gathering dan Understanding 

The dataset used in this research consists of 2,483 

resumes annotated into 24 distinct job categories, 

sourced from PDF files on public recruitment 

platforms. Each resume was manually validated by HR 

professionals to ensure labeling accuracy. An analysis 

of the class distribution, as shown in Figure 2.  

 

Figure 2. Class distribution of the resume dataset used in the research, showing the number of samples for each of the 24 job categories. 
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Figure 2, revealed a significant imbalance among 

categories, with BPO (0.89%, 22 samples) and 

AUTOMOBILE (1.45%, 36 samples) being the most 

underrepresented classes, while INFORMATION-

TECHNOLOGY (4.83%, 120 samples) was the largest 

category. The specific names of the recruitment 

platforms are intentionally withheld to protect data 

confidentiality. Given the sensitive nature of the data 

containing personal information, this dataset cannot be 

made publicly available to protect candidate privacy. 

2.2 Data Cleansing and Preprocessing 

This section details the comprehensive data preparation 

pipeline designed to transform raw resume text into a 

format suitable for the various machine learning 

models.  

The workflow is divided into three primary stages: (1) 

Text Preprocessing to systematically clean and 

normalize the textual content; (2) Feature Engineering 

and Data Splitting to convert text into numerical 

features and partition the data; and (3) Handling Class 

Imbalance to mitigate the effects of the skewed class 

distribution present in the dataset. 

2.2.1 Text Preprocessing 

The text preprocessing stage, as depicted in Figure 3, is 

designed to systematically clean and normalize the raw 

text extracted from PDF resumes to ensure data 

integrity.  

 

Figure 3. Text preprocessing workflow diagram. 

The workflow commences with an initial Text 

Validation step to identify and filter out any empty or 

invalid raw text inputs; entries that fail this check are 

immediately discarded. Valid text then proceeds 

through a sequential pipeline of NLP transformations. 

This pipeline includes: (1). Case Folding to ensure case 

uniformity, (2). Removal of Numbers and Punctuation 

to eliminate non-textual characters, (3). Tokenization to 

segment the text into discrete word units, (4). 

Stopwords Removal to filter out non-discriminative 

common terms, (5). Lemmatization to reduce words to 

their fundamental root forms [31]. 

Following these transformations, a final validation 

check is performed to confirm that the processed text is 

still valid and not empty. Any text that becomes invalid 

during processing is also discarded. Only the 

successfully processed and validated texts are stored, 

and their corresponding labels are updated for the 

subsequent feature engineering stage. This robust 

workflow ensured high data quality, ultimately 

retaining all 2,483 resumes as valid samples. 

2.2.2 Feature Engineering and Data Splitting 

To convert the processed text into a numerical format, 

the TF-IDF vectorization method was applied [32], as 

shown in Figure 4.  

 

Figure 4. Feature engineering and data splitting workflow diagram. 

The configuration was set to max_features=5,000 and 

ngram_range=(1,2) to capture both single keywords 

(unigrams) and key phrases (bigrams), such as 

"project_management". This process resulted in a 

feature matrix of dimensions (2483, 5000). This 

dimensionality signifies that each of the 2,483 resumes 

in the dataset is represented by a vector of 5,000 

numerical features, where each feature corresponds to 

the TF-IDF score of a specific unigram or bigram. 

Subsequently, the dataset was split into training and 

testing sets at an 80:20 ratio, yielding 1,986 samples for 

training and 497 for testing. This division was 

performed using stratified sampling to ensure the 

imbalanced class distribution was preserved 

proportionally in both sets. 

2.2.3 Handling Class Imbalance 

To address the significant class imbalance identified in 

the dataset (Figure 2), a conditional, multi-technique 

strategy was implemented, as illustrated in Figure 5. 

This approach applies a specific handling method based 

on a calculated imbalance ratio: a class weighting 

strategy was used for low imbalance (ratio < 1.5), the 

SMOTE (Synthetic Minority Over-sampling 
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Technique) was applied for moderate imbalance (1.5 ≤ 

ratio < 3) [33], and the SMOTEENN hybrid technique 

was designated for severe imbalance (ratio ≥ 3) ) [34].  

Furthermore, to handle potential computational issues 

arising from the sparse nature of the TF-IDF data, a 

fallback mechanism was implemented. If a complex 

resampling technique (SMOTE or SMOTEENN) failed 

during the fitting process, the system would 

automatically revert to the more stable class weights 

method to ensure the training pipeline's continuity. This 

adaptive and robust strategy ensures that the most 

appropriate and stable technique is applied based on 

both the severity of the imbalance and the 

computational constraints. 

 

Figure 5. Handling class imbalance workflow diagram. 

2.3 Modeling 

The modeling phase involved training and evaluating 

seven models spanning three distinct algorithmic 

paradigms to ensure a comprehensive evaluation. The 

classical approaches included Support Vector Machine 

(SVM)  [35], Naive Bayes, and Logistic Regression. 

Ensemble methods comprised Random Forest [36] and 

XGBoost [37], while deep learning approaches utilized 

a Multi-Layer Perceptron (MLP) Neural Network [38], 

and a pre-trained BERT model [39], [40]. All models 

were trained on the dataset split into 1,986 training and 

497 testing samples. To address the significant class 

imbalance in the training set, the adaptive strategy 

detailed in Section 2.2.3 was applied. 

Hyperparameters for each model were optimized using 

a grid search with 5-fold cross-validation on the training 

set [41] - [43]. The models were implemented using 

Scikit-learn, TensorFlow (for the MLP), and the 

Hugging Face Transformers library (for BERT). A 

consistent random seed was used throughout all 

experiments to ensure reproducibility. 

2.4 Model Evaluation 

The performance of the seven trained models was 

quantitatively assessed on the unseen test set, which 

consists of 497 samples. This evaluation provides an 

objective measure of each model's ability to generalize 

new data. The standard metrics for multi-class 

classification were used: Accuracy, Precision, Recall, 

and F1-Score  [44] - [46]. 

To account for the significant class imbalance in the 

dataset, Precision, Recall, and F1-Score were computed 

using a weighted average. This method calculates the 

metrics for each class and finds their average, weighted 

by the number of true instances for each class (the 

support). This approach provides a more robust and fair 

assessment of performance than a simple macro-

average, as it appropriately considers the contribution 

of each class. 

2.5 Deployment Plan 

The deployment plan proposes a phased approach 

tailored to an organization's scale and requirements 

[47]. For Small and Medium-sized Enterprises (SMEs) 

that prioritize transparency, the Random Forest model 

is recommended for its high interpretability and can be 

deployed via a REST API for straightforward 

integration with Applicant Tracking Systems (ATS).  

Conversely, for large-scale enterprises targeting 

maximum predictive performance, the XGBoost model 

is the primary choice, to be deployed on a scalable cloud 

infrastructure and supported by MLOps practices for 

continuous monitoring [48]. Regardless of the selected 

model, a responsible deployment must include rigorous 

bias audits [49], explainability tools such as 

SHAP/LIME [50], and operate under a human-in-the-

loop principle, where the system functions as a 

decision-support tool rather than the final decision-

maker [51]. 

3. Results and Discussions 

This section presents the key findings from the resume 

classification experiment, focusing on a comparative 

analysis of seven machine learning models across three 

different paradigms. The analysis covers: (1) a 

comparison of overall model performance, concisely 

visualized in a table; (2) an in-depth, class-level 

analysis to understand the strengths and weaknesses of 

each model; and (3) a discussion of the practical 

implications of these findings. 

3.1 Comparative Model Performance 

The quantitative evaluation of the seven models on the 

test set reveals a clear performance hierarchy, as 

visualized in Tables 1 and 2. The XGBoost model 

consistently delivered the most superior performance 

across all measured metrics, achieving an accuracy of 

78.9%, a weighted precision of 78.4%, a weighted recall 

of 78.9%, and a weighted F1-score of 0.779.  This 

dominance indicates that for this dataset, the gradient 

boosting algorithm was most effective at modeling the 

relationship between TF-IDF features and job 

categories. This finding is consistent with other recent 

studies, which also demonstrate the superiority of 
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ensemble models like XGBoost for handling 

imbalanced classification tasks due to their robustness 

and efficiency [52]. 

Table 1. Research model nomenclature. 

Model Identity 

XGBoost 1 

BERT 2 

Random Forest 3 

SVM 4 

Logistic Regression 5 

Neural Network 6 

Naive Bayes 7 

Table 2. Quantitative Evaluation of Model Performance 

Model Id. Accuracy Precision Recall F1-Score 

1 0.789 0.784 0.789 0.779 

2 0.734 0.736 0.734 0.728 

3 0.734 0.735 0.734 0.711 

4 0.700 0.700 0.700 0.692 

5 0.700 0.710 0.700 0.691 

6 0.652 0.648 0.652 0.637 

7 0.612 0.631 0.612 0.591 

In the second tier, there was a close competition 

between BERT and Random Forest. Both achieved an 

identical accuracy of 73.4%. However, a deeper 

analysis of the F1-score metric shows that BERT 

(0.728) slightly outperformed Random Forest (0.711). 

This slight advantage is largely attributable to BERT's 

marginally higher precision (73.6%) compared to 

Random Forest (73.5%), while both had the same recall 

value (73.4%). This suggests that a positive prediction 

from BERT is slightly more likely to be correct, 

reflecting a better generalization capability from the 

transformer model. This finding is consistent with 

research in the recruitment domain, which indicates that 

deep learning models leveraging contextual 

embeddings tend to outperform traditional algorithms 

due to their superior ability in capturing semantic 

nuances [53]. Further analysis of the middle tier also 

reveals interesting nuances. SVM and Logistic 

Regression both recorded an accuracy of 70.0% and an 

F1-score of 0.691. However, Logistic Regression 

exhibited a noticeably higher precision (71.0%) than 

SVM (70.0%), implying that this model is more 

conservative and generates fewer false positives. In the 

lower tier, Naive Bayes demonstrated a unique pattern: 

its precision (63.1%) was higher than both its accuracy 

and recall (both 61.2%). This indicates that while Naive 

Bayes failed to identify many relevant candidates (low 

recall), the predictions it did make tended to be more 

reliable (higher precision). Meanwhile, the Neural 

Network (MLP) (F1-score of 0.637) showed a balanced 

performance across all metrics without a strong bias 

towards either precision or recall. These findings 

underscore the importance of looking beyond the F1-

score to understand the specific behaviors and trade-

offs of each model. 

3.2 Class-Level Performance Analysis 

A more in-depth analysis of each model's classification 

report reveals consistent patterns related to the handling 

of different job categories, particularly the contrast 

between majority and minority classes. The complete 

classification reports for all seven models, which 

provide a detailed breakdown of per-class metrics, are 

available in the Supplementary Information (see Table 

S1-S7). These findings highlight data scarcity as a 

primary limiting factor and demonstrate that the top-

performing models possess distinct strengths. 

Nearly all models exhibited significant difficulty in 

classifying categories with a very small number of 

samples. The BPO category, with only four samples in 

the test set, consistently yielded an F1-score of 0.00 for 

almost all models, including XGBoost (Table S1) and 

Random Forest (Table S3). The sole exception was 

BERT (Table S2), which managed to achieve an F1-

score of 0.22. This suggests that the pre-trained 

knowledge within BERT provides it with some 

resilience even on extremely scarce data, where other 

models fail completely. Poor performance was also 

observed for the AUTOMOBILE (7 samples) and 

AGRICULTURE (13 samples) categories, which 

consistently received low F1-scores across all models. 

This confirms that without a sufficient volume of data, 

models struggle to learn representative patterns, 

regardless of the imbalance-handling techniques 

applied. 

On the other hand, the high-performing models 

demonstrated unique strengths in categories with 

adequate data. XGBoost (Table S1) showed its 

dominance in categories with distinct and technical 

vocabularies, achieving outstanding F1-scores in 

classes like CONSTRUCTION (0.94), AVIATION 

(0.92), and ACCOUNTANT (0.92). This superiority 

demonstrates XGBoost's proficiency in maximizing the 

predictive signal from the keyword-based features 

extracted by TF-IDF. In contrast, BERT (Table S2) 

excelled in categories requiring nuanced semantic 

understanding and contextual overlap. Its exceptionally 

high performance in categories such as BUSINESS-

DEVELOPMENT (0.94) and CONSULTANT (0.89) 

proves its ability to distinguish between roles with often 

similar job descriptions. This capability stems from its 

transformer architecture, which can understand the 

meaning of words based on sentence context—a 

significant advantage over models that rely solely on 

word frequency. 

Further analysis also uncovers interesting behaviors in 

other models. For instance, on the ACCOUNTANT 

category, Random Forest (Table S3) exhibited a perfect 

recall (1.00) but a lower precision (0.65). In practical 

terms, this means Random Forest successfully 

identified all of the actual accountant candidates but 

also incorrectly labeled many candidates from other 

classes as accountants. This highlights a classic 

precision-recall trade-off: the model can serve as a good 

"safety net" for not missing potential candidates, but at 

the cost of requiring more subsequent manual filtering. 

This finding underscores that model selection depends 
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not only on the overall F1-score but also on the specific 

business objectives within the recruitment process. 

To visualize these misclassification patterns in greater 

depth, the confusion matrices of the two best-

performing models (XGBoost and BERT) are presented 

in Figure 6 and Figure 7.  

 

Figure 6. Confusion Matrix for the XGBoost Model. The vertical axis represents the true labels, and the horizontal axis represents the 

predicted labels. The values on the main diagonal represent the number of correct classifications. 

 

Figure 7. Confusion Matrix for the BERT Model. The main diagonal graph shows the number of correct predictions for each of the 24 job 

categories

These matrices provide visual evidence of the specific 

strengths and weaknesses of each approach. The 

XGBoost confusion matrix (Figure 6) confirms its high 

performance on well-defined categories, achieving 

near-perfect accuracy on ACCOUNTANT, 

AVIATION, and CONSTRUCTION. However, the 

matrix also reveals logical misclassifications between 

semantically adjacent categories, such as two 

FINANCE resumes being incorrectly classified as 

ACCOUNTANT. 



Febriana et al                                 Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi), Vol. 9 No. 6 (2025) 

 

                                                                                       1335 

 

On the other hand, the BERT confusion matrix (Figure 

7) highlights its superior contextual understanding. 

BERT demonstrates better performance on 

semantically overlapping categories, such as its success 

in correctly classifying 21 out of 24 CONSULTANT 

resumes, a significant improvement over XGBoost 

which only succeeded on 18 samples. This visual 

analysis reinforces the conclusion that while XGBoost 

is superior in overall metrics, BERT has an advantage 

in handling semantic ambiguity between job categories. 

3.3 Specific Analysis of Deep Learning Models 

The performance of the Neural Network (MLP) model, 

which achieved a modest F1-score of 0.637, can be 

better understood by analyzing its training dynamics, as 

visualised in the learning curve in Figure 8.  

 

(a) 

 

(b) 

Figure 8. Learning curves of the Neural Network model over 18 

epochs. Plot (a) shows the training and validation accuracy, while plot 

(b) shows the training and validation loss.  

A detailed review of its training process reveals a 

classic case of overfitting on a sparse dataset. While the 

training accuracy steadily increased throughout the 

epochs, the validation accuracy began to plateau around 

the 60-62% mark. Mechanisms such as 

ReduceLROnPlateau, which was triggered twice (at 

epochs 12 and 16) to adjust the learning rate, and 

EarlyStopping were employed to combat this. The 

training was ultimately halted at epoch 18, and the 

model weights from the best-performing epoch (epoch 

13) were restored. This behavior underscores the 

challenge for an MLP architecture, which learns from 

scratch, to generalize effectively from the limited and 

high-dimensional TF-IDF features without memorizing 

the training data. 

In stark contrast, the superior performance of BERT 

(F1-score of 0.728) highlights the significant benefit of 

transfer learning. Unlike the MLP, which relied on TF-

IDF features, the BERT-based model leveraged a pre-

trained transformer architecture to generate rich, 

contextual embeddings for each resume. This process of 

transfer learning allows the model to apply a deep, pre-

existing understanding of language, grammar, and 

semantic relationships to the classification task. The 

model is not learning from a blank slate but is instead 

fine-tuning its vast linguistic knowledge for the specific 

domain of resume screening. The significant 

performance gap between the two models therefore 

illustrates the profound advantage of transfer learning 

over learning from scratch, especially in NLP tasks with 

moderately sized, domain-specific datasets where 

contextual nuance is critical. 

3.4 Implications and Further Discussion 

The findings from this research present a complex 

landscape of trade-offs between predictive 

performance, interpretability, and computational 

requirements in the context of resume screening. 

XGBoost is definitively the optimal choice for 

achieving the highest predictive accuracy (F1-score of 

0.779), making it the primary candidate for applications 

where performance is the sole priority. However, in the 

Human Resources domain, where decisions can 

significantly impact individuals' careers, 

interpretability is not merely an additional feature but a 

necessity. This need is driven by ethical and legal 

considerations, such as ensuring a fair recruitment 

process, avoiding discrimination, and complying with 

regulations like the GDPR's "right to an explanation." 

This presents a practical dilemma. Random Forest, with 

its strong F1-score (0.711), offers far greater 

transparency through its ability to extract feature 

importances. This allows HR practitioners to 

understand the basis of a model's decision, for instance, 

which keywords or phrases were most influential in a 

classification. Organizations must therefore consider 

whether the approximate 7% F1-score performance 

gain offered by XGBoost is worth the risk of using a 

"black-box" model that is difficult to audit. For many 

companies, particularly those in highly regulated 

industries, the "good enough" performance of Random 

Forest, coupled with its procedural transparency, may 

represent a more responsible and legally defensible 

choice. 

This discussion is further enriched by the performance 

of BERT, which introduces a third dimension to the 

trade-off: semantic capability versus computational 

cost. With an F1-score (0.728) that surpasses Random 

Forest, BERT proves to be a powerful option when the 

classification task is highly dependent on understanding 

contextual nuances that keyword-based models might 

miss. An example includes distinguishing between roles 
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with overlapping job descriptions. However, this 

semantic power comes at a significant computational 

cost for both training and inference, making it a more 

suitable choice for large enterprises with mature AI 

infrastructure. 

Ultimately, while model selection is important, this 

study conclusively demonstrates that the primary 

limitation lies within the data itself. The universally 

poor performance on minority classes, such as the near-

zero F1-score for BPO, is the starkest evidence of this. 

This finding also highlights the effectiveness and 

limitations of the adaptive imbalance handling strategy. 

Although advanced techniques like SMOTE and 

SMOTEENN were designated for more severe cases, 

the computational constraints of sparse data 

necessitated a fallback to the class weights method. The 

subsequent failure of models to learn patterns from 

extremely underrepresented classes indicates that even 

this robust, adaptive approach has its limits when faced 

with severe data scarcity. This partial success 

underscores that these methods are not a panacea and 

reinforces the argument that the fundamental challenge 

lies in the data's representativeness. Therefore, future 

research should prioritize the following areas: exploring 

advanced data augmentation techniques, such as back-

translation or generative models to create quality 

synthetic samples; investigating few-shot or zero-shot 

learning approaches; and conducting explicit fairness 

and bias audits to measure and mitigate algorithmic 

biases. 

4. Conclusions 

This study conducted a systematic comparative 

evaluation of seven machine learning models on an 

imbalanced resume dataset, finding that XGBoost (F1-

score of 0.779) delivered the highest predictive 

performance. The study's main contribution is its 

analysis of the multi-dimensional trade-off facing HR 

practitioners: the choice between maximum 

performance (XGBoost), high interpretability for 

transparency and audits (Random Forest, F1-score of 

0.711), or deep semantic understanding at a higher 

computational cost (BERT, F1-score of 0.728). 

The findings also starkly highlight data scarcity as the 

most significant barrier, as performance on minority 

classes remained poor despite the application of an 

adaptive imbalance handling strategy. This limitation, 

along with the study's moderate dataset size, directs 

future research to shift from model comparisons to more 

data-centric approaches. Promising directions include 

exploring generative data augmentation techniques, 

investigating few-shot learning models, and integrating 

fairness and bias audit frameworks to ensure that 

automated recruitment systems are developed to be not 

only accurate but also equitable and responsible. 
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