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Effective institutional knowledge management requires systematic identification of faculty expertise
to support research collaboration and academic resource planning. Manual analysis of curriculum
vitae (CV) records, however, is time-consuming, subjective, and difficult to scale. This study
develops and evaluates a natural language processing and deep learning pipeline for classifying
academic staff profiles into broad disciplinary domains using a low-resource dataset of 300 English-
language faculty CVs collected from Sebha University sources and Google Scholar. Textual
attributes were cleaned, tokenized, and represented using 100-dimensional word embeddings.
Because the original research-interest data contained 273 highly sparse entries, the target labels were
consolidated into two macro-disciplines: Applied Sciences and Humanities and Social Sciences. The
proposed architecture consisted of a single Long Short-Term Memory (LSTM) layer with 64 hidden
units, followed by a dropout layer with a rate of 0.5 and a sigmoid output layer. Under stratified 5-
fold cross-validation, the model achieved a mean classification accuracy of 97.0% * 1.4%, precision
0f 96.7% = 1.4%, recall of 97.1% + 1.3%, and F1-score of 96.9% + 1.3%, with a binary cross-entropy
loss of 0.14. These results demonstrate that a lightweight LSTM architecture can effectively classify
broad academic domains in a small institutional dataset. However, the high performance should be
interpreted in light of the simplified binary target structure and the potential influence of institution-
specific vocabulary and administrative features. The proposed framework provides a
computationally modest approach to academic profile classification while establishing a basis for
future multi-class and cross-institutional expertise-mining systems.
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1 . Introduction

1.1 Background and Global Context

Modern universities increasingly rely on the systematic mapping of
internal intellectual capital to optimize research management,
assemble cross-disciplinary grant teams, and enhance external
collaborative visibility [1]. Historically, tracking these capabilities has
depended on manual audits of academic Curriculum Vitae (CV)
records. However, because CVs comprise highly heterogeneous,
chronological text strings, manual evaluation is inherently resource-
intensive, slow, and prone to subjective interpretation. Consequently,
automated expertise discovery systems have become essential for
constructing scalable institutional data infrastructures [2].

1.2 NLP Frameworks and the Institutional Research Gap
Educational Data Mining (EDM) provides the broader application
context for applying computational methods to educational records
[3]. Reference [3] is used only for this field-level context; it is not
evidence for the specific LSTM architecture or for performance on
faculty CVs. The architectural claims are developed in Section 2.2 and
supported by sequence-model literature.

A methodological gap remains in low-resource academic text
classification. Existing work does not consistently address small,
heterogeneous institutional CV repositories. This study therefore
evaluates a resource-efficient NLP-to-LSTM pipeline on 300 English-
language Sebha University profiles, mapped to Applied Sciences and
Humanities/Social Sciences.

In low-resource academic environments, the granularity of the
prediction target represents a critical methodological decision.
Although fine-grained identification of individual research interests is
desirable, the available institutional dataset contains a large number of
specialized fields with limited representation per category. Direct
multi-class prediction under these conditions would create severe class
sparsity, unstable decision boundaries, and unreliable performance
estimates. Therefore, this study initially investigates the feasibility of
automated academic profile classification at a higher semantic level
by consolidating specialized fields into broader macro-disciplinary
categories. This approach provides a controlled evaluation framework
while establishing the foundation for future multi-label and fine-
grained expertise extraction systems.

Although deep learning models such as LSTM networks have been
widely applied in general text classification tasks, their application for
organizing academic staff knowledge profiles in low-resource
institutional environments remains insufficiently explored. Existing
approaches often assume the availability of large labeled datasets and
computational resources, which are not always accessible in
developing academic contexts. This study addresses this gap by
investigating a practical framework for macro-disciplinary
classification of academic profiles using limited institutional data.

1.3 Research Questions

This empirical investigation is guided by three central research
questions:
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RQ_1: To what extent can an optimized LSTM network identify broad
academic macro-disciplines using unstructured, heterogeneous text
attributes from faculty CVs?

RQ_2: How does consolidating high-cardinality research keywords
into binary macro-categories affect the convergence stability and
generalization of sequential deep learning models trained on small
datasets [6]?.

RQ_3: What are the structural and administrative implications of
automated expertise mining for resource allocation and research
collaboration in regional higher education institutions?

1.4 Research Contributions

The contribution of this study does not arise from introducing a new
neural architecture; rather, it lies in adapting and evaluating a
lightweight deep-learning framework for academic profile
classification under low-resource conditions. The main contributions
are:

e  Developing a methodology for transforming heterogeneous
academic CV information into structured representations
suitable for automated macro-disciplinary classification.

e Integrating institutional academic attributes and research-
related textual information to support knowledge
organization in university environments.

e  Evaluating the effectiveness of a lightweight LSTM-based
approach under limited-data conditions and comparing it
with traditional machine-learning and transformer-based
baselines.

e  Providing an empirical case study from Sebha University as
a representative low-resource academic environment.

The present study intentionally addresses macro-disciplinary

classification rather than fine-grained research-interest

identification. This formulation represents a preliminary stage in
expertise mining systems, where reliable broad-domain
classification is established before attempting more complex
multi-label or hierarchical prediction tasks.
1.5 Paper Organization
The remainder of this manuscript is structured as follows: Section 2
reviews existing literature in resume mining and sequential NLP;
Section 3 details the data collection, embedding layers, and LSTM
architecture; Section 4 presents the empirical findings and baseline
performance comparisons; Section 5 evaluates threats to validity; and
Section 6 concludes with future research directions.
2 . Literature Review
2.1 The Methodological Evolution of Professional Text Mining
The extraction and classification of professional profile data have
transitioned from rigid, rule-based heuristics to deep semantic
architectures. Rule-based approaches lack the flexibility required to
parse academic Curriculum Vitae (CV) records, which feature non-
standardized layouts and domain-specific terminology. While recent
hybrid pipelines—such as BERT-BILSTM-CRF configurations—
effectively capture structural hierarchies for entity isolation, they
introduce substantial computational overhead. Alternatively, flat
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classification models using Convolutional Neural Networks (CNNs)
offer rapid parallel feature extraction from localized text blocks.
However, because convolution operations are inherently local, CNN
frameworks fail to maintain the long-range chronological and
sequential context essential for modeling multi-page publication and
professional histories.

2.2 Architectural Trade-offs in Low-Resource Environments
Recent hybrid BERT-BILSTM—-CRF approaches [7] demonstrate the
effectiveness of combining contextual language representations with
sequential models for structured text extraction. However, such
architectures are primarily designed for large-scale sequence-labeling
tasks and are not directly comparable to the binary macro-disciplinary
classification problem investigated in this study. Similarly, long-range
CNN architectures [8] demonstrate the ability of specialized
convolutional models to capture extended textual dependencies;
however, their findings do not imply that all conventional text CNN
approaches are optimal for heterogeneous academic profile
classification. In this study, the standard LSTM architecture and its
mathematical formulation described in Section 3.4 provide the
foundation for the selected recurrent approach.

Although traditional machine-learning classifiers, such as Logistic
Regression and Support Vector Machines, remain effective
approaches for text classification, they typically depend on feature
representations that treat extracted terms as relatively independent
indicators. Academic CV records, however, contain heterogeneous
sequential information distributed across educational background,
academic qualifications, specialization descriptions, research
interests, and publication histories. The meaning of disciplinary
indicators may therefore depend on their surrounding textual context
rather than their isolated occurrence.

For this reason, this study selected a lightweight single-layer LSTM
architecture to investigate whether sequence-aware representation
learning can improve macro-disciplinary classification under low-
resource institutional conditions. Through recurrent hidden states and
gating mechanisms, LSTM networks can preserve contextual
dependencies among sequential text elements while maintaining a
lower computational burden compared with large transformer-based
architectures. In a limited-data environment such as Sebha University,
where the available dataset consists of 300 academic profiles, a
compact LSTM provides a practical balance between contextual
modeling capability, parameter efficiency, and training feasibility.

It should be emphasized that the objective of this study is not to claim
universal superiority of LSTM over all alternative classifiers. Instead,
the selected architecture represents a resource-efficient approach
suitable for the specific characteristics of small institutional academic
datasets. To empirically evaluate this choice, the proposed LSTM
model was compared against traditional machine-learning baselines,
convolutional neural networks, and transformer-based models in
Section 4.5.

2.3 Semantic Resolution and Target Granularity Boundaries
Defining target class granularity presents a significant challenge for
automated profiling [12]. Joint representation learning frameworks
rely on mapping detailed features into a shared semantic space, but
they assume access to massive, standardized, paired datasets.
Predicting highly granular, high-cardinality research keywords
directly from a restricted institutional sample size introduces a severe
sparse data problem. When niche research areas are distributed across
a limited pool, the network lacks sufficient training examples per class
to establish stable decision boundaries. Consolidating sparse research
fields into broad binary macro-disciplines (Applied Sciences and
Humanities) simplifies the classification boundary, allowing the
network to capture clear semantic variations while mitigating the risks
of data sparsity [13].

2.4 Synthesized Research Gap

Existing text-mining work spans recruitment-oriented profile analysis
[14] and lecturer-expertise classification from scientific publications
[15]. Reference [15] is therefore directly relevant as a higher-
education comparator, but it uses a BERT-based publication-
classification setting rather than the low-resource, heterogeneous CV
pipeline evaluated here. The present gap is not an absence of lecturer-
expertise classification; it is the limited evidence on reproducible,
lightweight CV classification pipelines under small, non-standardized
institutional datasets.

3 Material and Method

This study develops a four-phase computational pipeline as shown in
figure 1-—spanning from data curation to sequence-aware neural
network classification—to evaluate how effectively deep learning
frameworks can categorize unstructured, multi-attribute academic
faculty records into two primary domains: Applied Sciences and
Humanities and Social Sciences:
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Figure 1. Diagram of the proposed model

3.1 Data Acquisition and Curation Protocols

Data sources and study period: The source corpus comprised academic
CVs and related publicly accessible research-profile records for Sebha
University staff. Records were retrieved during [STAR 4/2023-END
4/2024]. The final analytical corpus contained 300 unique English-
language profiles after eligibility screening and duplicate resolution.
The collection interval must be reported because profiles and
publication lists can change over time.

® Inclusion criteria: (1) the profile represented an active
Sebha University academic staff member during the stated
collection period; (2) the record contained English-language
text; (3) at least three usable fields were available among
Faculty, Department, Qualification, General Specialization,
Specialization, Research Interests, and Scientific Papers;
and (4) the record could be assigned unambiguously to one
of the two predefined macro-disciplines.

® Exclusion criteria: records were excluded when they
represented duplicate profiles, inactive or non-staff entries,
non-English-only content, empty publication/research-
interest content combined with fewer than three usable
fields, unreadable or password-protected files, broken
character encoding, or unresolved/ambiguous class labels.

® Duplicate handling: Duplicate detection and identity
resolution were performed before model development and
cross-validation to prevent data leakage. Exact duplicates
were identified after normalization by matching institutional
identifiers or identical normalized combinations of full
name and department. Potential near-duplicate records
originating from different sources were detected using
similarity analysis based on normalized names, institutional
affiliations, departments, and publication-title information,
followed by manual verification. Data integration across
institutional CV records and publicly available Google
Scholar profiles was conducted through identity resolution,
considering  faculty affiliation, academic position,
department information, author names, and publication
records. When multiple records were confirmed to represent
the same faculty member, they were consolidated into a
single anonymized profile; overlapping publications were
retained only once, while the most complete and recently
updated information was selected for conflicting fields.
Therefore, the final dataset represents unique academic staff
profiles rather than independent documents, ensuring that no
individual was represented more than once in the training or
validation datasets.

e Anonymization: a temporary linkage table was used to
assign each eligible person a random study identifier. Direct
identifiers (name, email address, telephone number, postal
address, staff ID, profile URL, and photograph) were
removed. Residual identifiers in free text were detected by
pattern matching and manual review and replaced with
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typed placeholders. Dates were reduced to year where exact
dates were unnecessary. The linkage table was stored
separately with restricted access and was not supplied to the
model. The de-identified analytical file contained only the
study ID, eligible predictors, and target label. All
anonymization procedures were completed before feature
extraction and model training. The analytical dataset
provided to the classification model contained only
anonymized textual attributes, derived features, and target
labels.

3.2 Pre-processing and Feature Refinement Pipeline

To ensure dataset continuity without introducing keyword bias, a

structured text refinement workflow was implemented:

® CV text extraction: digitally generated PDF files were
parsed page by page using a PDF text extractor; DOCX files
were read from paragraph and table XML; and
scanned/image-only pages were processed with optical
character recognition (OCR). Extracted text was converted
to UTF-8, de-hyphenated across line breaks, and
whitespace-normalized. The fields Faculty, Department,
Qualification, General Specialization, Specialization,
Research Interests, and Scientific Papers were mapped into
a fixed schema. A researcher manually checked the
extracted fields against the source document, particularly
OCR-derived text, before anonymization and modeling.

e  Missing Value Imputation: Missing categorical attributes
were handled using feature-mode imputation to preserve the
maximum number of available faculty profiles in this low-
resource dataset. The imputation values were calculated
exclusively from the training partition within each cross-
validation fold and then applied to the corresponding
validation data to prevent information leakage. This
approach was selected as a practical strategy for maintaining
dataset size; however, it may introduce artificial frequency
patterns by assigning dominant institutional categories to
incomplete records. Therefore, the potential influence of
imputation artifacts is acknowledged as a limitation, and
future studies should evaluate alternative approaches,
including missing-indicator variables, dedicated missing-
value embeddings, or sensitivity analyses comparing
different imputation strategies [17]:

Mode(X) = argmaxveyz Il (xi=y)
i=1
Where V defines the discrete feature space and (ll) is the
indicator function. For missing narrative publication blocks,
blank entries are filled with a neutral sequence mask token
("unspecified publication™) to protect semantic training
integrity.

e  Text Normalization: Character arrays are transformed to
lowercase to map identical tokens into a uniform index, and
non-alphanumeric  punctuation marks, mathematical
symbols, and structural brackets are removed [18].

e  Tokenization and Embedding: Standard English stop
words were removed and the remaining text was tokenized
at word level. The tokenizer vocabulary was fitted only on
the training portion of each cross-validation fold; validation-
only tokens were mapped to an out-of-vocabulary token.
This study did not use pretrained Word2Vec or GloVe
vectors. Instead, integer token IDs were mapped by a
randomly initialized, trainable 100-dimensional embedding
layer, which was optimized jointly with the LSTM through
backpropagation. Padding tokens were masked so that
padding did not contribute to the recurrent representation.

To address the severe sparsity resulting from the high cardinality of
the original research-field labels (273 unique entries across only 300
profiles), the classification objective was reformulated from fine-
grained field prediction into binary macro-disciplinary classification.
This transformation was not intended to replace detailed expertise
discovery but rather to establish a statistically reliable baseline for
automated academic profile classification under low-resource
conditions. The broader categories reduce unstable class boundaries
caused by insufficient samples per specialized field while preserving
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meaningful disciplinary distinctions. This transformation was adopted
as a methodological strategy to establish stable class boundaries under
limited sample conditions rather than as a replacement for future fine-
grained expertise discovery. Profiles were categorized into Applied
Sciences (y=1, including technical and quantitative disciplines such as
Mathematics, Chemistry, and Computer Science) and Humanities and
Social Sciences (y=0, including qualitative disciplines such as
Linguistics and Literature).
3.3 Feature Leakage Control and Input Representation
Because the target labels represent broad academic disciplines, several
administrative variables may contain information that is highly
correlated with the target, particularly Faculty, Department, General
Specialization, and Specialization. Consequently, these variables may
enable the classifier to exploit administrative shortcuts rather than
infer disciplinary information from research-related textual content.
To address this concern, the contribution of administrative attributes
was explicitly recognized as a potential source of feature leakage. The
primary model therefore integrates the available profile attributes as
part of the institutional classification setting, while the potential
dependence of performance on administrative cues is treated as a
limitation to external validity. Future experimental extensions should
conduct controlled ablation experiments in which administrative
identifiers are removed and classification is performed exclusively
from Research Interests and Scientific Papers.
3.4 Model Architecture and Hyperparameters
The classifier used a single LSTM layer with 64 hidden units, followed
by dropout (rate = 0.5) and a sigmoid output unit. For input x_t,
previous hidden state #_(z—1), and previous cell state ¢ (z—1), the
standard LSTM recurrence is:
ft=oW fx t+Ufh (t-1)+b f)
it=oWixt+Uih (t—1)+b i)
ot=cWoxt+Uoh (t-1)+b o)
ct=tanh(W cx t+Uch (t-1) +b ¢
ct=ftOc (t-1)+i_tOct
h t=o0_t Otanh(c_t)
Here, f_t, i_t, and o_t are the forget, input, and output gates; ¢_t is the
candidate cell state; o is the logistic sigmoid; W and U are input and
recurrent weight matrices; b denotes bias vectors; and © denotes
element-wise multiplication. Each processed CV profile was
converted into an integer token sequence before being provided to the
LSTM network. The maximum sequence length was set to 95 tokens
based on the observed distribution of sequence lengths in the training
data, providing a balance between retaining meaningful textual
information and limiting unnecessary computational overhead.
Profiles shorter than the selected length were padded using the
designated padding token, whereas longer sequences were truncated.
The sequence-length determination, tokenizer fitting, and padding
configuration were performed independently within each training fold
during cross-validation to prevent information leakage from validation
data. The maximum length should be reported exactly as used in code
and should be selected from the training data only (for example, a
prespecified percentile of training-sequence lengths) to avoid
validation leakage. The model used a trainable 100-dimensional
embedding, 64 LSTM units, dropout = 0.5, Adam with a learning rate
of 0.001, binary cross-entropy loss, and 20 training epochs.
Training Configuration: The LSTM model was trained using the
Adam optimization algorithm with a learning rate of 0.001. The
training process used a batch size of 32 and a maximum of 50 epochs.
To reduce overfitting, a dropout rate of 0.2 was applied after the LSTM
layer. Early stopping was implemented based on validation loss, with
training terminated when no improvement was observed for 5
consecutive epochs. The model parameters corresponding to the
lowest validation loss were restored and used for final evaluation.
3.5 Evaluation Metrics and Validation Protocol
Model performance was evaluated using multiple complementary
metrics rather than accuracy alone. Accuracy was reported as the
primary overall measure because the classification task involves two
macro-disciplinary categories with relatively balanced class
representation. However, accuracy alone may not fully characterize
classifier behavior; therefore, precision, recall, and F1-score were also
calculated to assess class-specific performance and balance between
false-positive and false-negative errors. In addition, the confusion
matrix was analyzed using out-of-fold predictions to provide detailed
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insight into classification outcomes for each category. Model
classification performance is evaluated using standard criteria derived
from a confusion matrix [23]:
Accuracy = (TP + TN) / (TP + TN + FP + FN)
Precision = TP / (TP + FP)

Recall =TP / (TP + FN)

F1-score = 2 x Precision x Recall / (Precision + Recall)
TP and TN denote correctly classified Applied Sciences and
Humanities/Social Sciences profiles, respectively. FP denotes a
Humanities/Social Sciences profile incorrectly predicted as Applied
Sciences, whereas FN denotes an Applied Sciences profile incorrectly
predicted as Humanities/Social Sciences. Performance was estimated
using stratified 5-fold cross-validation. The tokenizer, imputation
values, vocabulary, sequence-length rule, and model parameters were
fitted within each training fold and then applied to its held-out fold.
Out-of-fold predictions from all five held-out folds were concatenated
to construct one confusion matrix and conduct error analysis.
A workflow description: To prevent information leakage, all
preprocessing operations were performed independently within each
training fold. For each cross-validation iteration, the dataset was first
divided into training and validation subsets using stratified sampling.
The tokenizer vocabulary, missing-value imputation parameters,
sequence-processing rules, and model parameters were learned
exclusively from the training subset. The learned transformations were
then applied unchanged to the corresponding validation subset. After
model evaluation on each held-out fold, the out-of-fold predictions
were aggregated to calculate the final performance metrics.
4. RESULTS AND DISCUSSION
4.1 Exploratory Statistical Analysis of Institutional Data
Following data cleaning, duplicate resolution, and anonymization
procedures, the final dataset consisted of 300 unique faculty profiles
categorized into two predefined macro-disciplinary classes: Applied
Sciences and Humanities and Social Sciences. Table 1 presents the
distribution of academic profiles across the target categories used for
model development and evaluation. The relatively balanced
distribution between the two classes reduces the likelihood that
classification performance is dominated by a single category and
provides a suitable basis for binary macro-disciplinary classification.
Table 1. Distribution of Faculty Profiles by Macro-Discipline

Macro-Discipline Number of Profiles | Percentage
Applied Sciences 145 48.3%
Humanities and Social Sciences | 155 51.7%
Total 300 100%

The distribution demonstrates the composition of the institutional
dataset used for binary macro-disciplinary classification and provides
context for interpreting the subsequent model evaluation results.

e Faculty and Qualification Distribution: The dataset
exhibits a high statistical concentration within the Faculty of
Science in Sabha, appearing 71 times across the compiled
records and highlighting its prominent representation within
the collected academic profiles. Furthermore, the Doctor of
Philosophy (PhD) qualification was highly prevalent (155
instances), indicating a substantial representation of senior
academic researchers within the dataset.

e  Departmental Infrastructure and Domain Diversity: The
institutional audit identified 65 unique departmental
designations among the 300 faculty profiles, reflecting
considerable disciplinary diversity. The five most frequently
represented departments were Chemistry (24 profiles),
General Departments (23), Physics (19), Mathematics (19),
and Computer Science (13). This distribution indicates a
stronger representation of quantitative and natural science
disciplines within the available digital academic records,
while humanities and social science areas were represented
by fewer profiles, such as Linguistics (4) and Swahili
Language (7).

e  Scholarly Productivity and Lexical Trends: The analyzed
profiles contained an average of 8.5 scientific publications
per faculty member, reflecting the research activity
represented within the English-language dataset. Textual
analysis of publication descriptions revealed frequent
occurrence of terms such as "using”, "Libya", and

"International”. These lexical patterns suggest that many
publications combine methodological approaches with
locally focused empirical studies while maintaining
alignment with international academic publishing practices.

e Word Cloud Semantic Insights: Semantic analysis of the

extracted textual corpus through  word-frequency
visualization ~ further supported these observations.
Dominant  terms  included  computational  and

methodological concepts such as "Method"”, "System",
"Model", and "Technique". In addition, specialized research
clusters were identified, including "photography" and
"image processing”, reflecting activity in computer vision
and artificial intelligence, as well as environmental research
themes associated with terms such as "soils" and
"emissions". These patterns demonstrate the heterogeneous
research characteristics captured within the institutional
academic profiles.

4.2 Deep Learning Model Training Dynamics and Convergence

Profiles

The training and validation trajectories for classification accuracy and

binary cross-entropy loss are plotted to evaluate optimization stability

as shown in figure 1:

e  Accuracy Convergence: Training accuracy converged near
99%, while validation accuracy plateaued at 97.0% + 1.4%
by epoch 18, demonstrating robust generalization without
overfitting.

e Loss Optimization: Both curves exhibited synchronized
asymptotic decay to a residual cross-entropy loss of 0.14,
confirming stable gradient descent during backpropagation.

e Calibration interpretation: Accuracy and binary cross-
entropy describe different aspects of prediction quality; their
values alone do not prove probability calibration. A

calibration curve or Brier score would be required for that
claim. The present results are therefore interpreted as
classification performance, not formal calibration evidence.

MODIFIED LSTM MODEL PERFORMANCE: FINAL ACCURACY & LOSS (N=300 Datase!)
ACCURACY (TRAINING vs. VALIDATION)

Figure 2. LSTML Model performance Accuracy & Loss
4.3 Stratified Cross-Validation and Comprehensive Metric
Evaluation

To ensure the empirical validation is resilient against partitioning bias
from a single random split, the pipeline was evaluated using a
Stratified 5-Fold Cross-Validation protocol. This step establishes the
necessary methodological rigor required for institutional deployment
and rigorous peer review. Table.2 provides the compiled performance
metrics across the five validation rotations based on standard
classification criteria, demonstrating a highly stable mean validation
accuracy of 97% across folds.
Table 2. Stratified 5-Fold Cross-Validation Performance Matrix for the
Proposed LSTM

Cross- Classification | Prediction | Sensitivity | Computed
Validation L

Fold Accuracy Precision (Recall) F1-Score

Fold 1 96.7% 96.5% 96.8% 96.6%
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Fold 2 98.3% 98.0% 98.4% 98.2% Naive Bayes
Fold 4 96.7% 96.2% 96.9% 96.5% Regﬁ;;'r"”
Fold 5 98.3% 98.1% 98.2% 98.1% Support
Overall 97.0%+ 1.4% | 9670 97.1% + 96.9% = Vector 91.2% 91.5% 90.8% 91.1% 0.29
Mean + SD 1.4% 1.3% 1.3% Machines
The empirical insights derived from the stratified cross-validation R(SVd'VI)
matrix confirm the robust generalization capability and structural ol 90.5% o1.0% 89,70 90.3% 031
stability of the proposed LSTM architecture, fully aligning with the Classifier
observed training convergence dynamics. Across all five evaluation 1D
rotations, the classification performance remains exceptionally stable, Convolutiona . . . .
establishing a lower baseline boundary of 95.0% accuracy in the most ,'\,’::;gfl'( 93.4% 93.1% 93.:8% 93.4% 022
constrained data split (Fold 3) while reaching a peak performance of (CNN)
98.3% in Folds 2 and 5. The network demonstrates an overall mean Proposed
classification accuracy of 97.0% # 1.4%. This high-tier metric is '-SST'\I" 97.0% 96.7% 97.1% 96.9% 0.14
symmetrically supported by an overall mean prediction precision of {;;2;
96.7% + 1.4% and a sensitivity/recall rate of 97.1% + 1.3%, Bidirectional
culminating in a balanced mean Fl-score of 96.9% = 1.3%. The LSTM (Bi- 97.2% 97.0% 97.4% 97.2% 0.12
minimal standard deviation values (le 1.4%) across all evaluated LSTM)
L . Fine-tuned
parameters suggest that the pipeline exhibits stable performance BERT
across the evaluated validation folds. This uniform performance across (Transformer 91.5% 97.3% o7.7% 97.5% 0.08
independent data folds suggests limited fold-to-fold variability but )

does not, by itself, rule out localized overfitting and maintains a
reliable equilibrium between mitigating false positives and
minimizing false negatives across disparate, low-resource institutional
data streams.

4.4 Error Analysis and Confusion Matrix
Error analysis was conducted using the concatenated out-of-fold
predictions generated by stratified five-fold cross-validation. Applied
Sciences was defined as the positive class, while Humanities and
Social Sciences was defined as the negative class as shown Tabel 3.
Table 3. The aggregated out-of-fold confusion matrix contains 291 correct
classifications and nine misclassifications

Actual class / Predicted Applied Humanities/Social
- . Total
class Sciences Sciences
Applied Sciences TP =141 FN=4 145
Human!tles/SouaI Fp=5 TN = 150 155
Sciences
Total 146 154 300

The aggregated pooled matrix generated from concatenated out-of-
fold predictions contained 291 correct classifications and nine
misclassifications. Five Humanities/Social Sciences profiles were
incorrectly classified as Applied Sciences (false positives), while four
Applied Sciences profiles were incorrectly classified as
Humanities/Social Sciences (false negatives).
The corresponding performance values are:

e  Accuracy = ((141+150)/300 = 97.00%)

e  Precision = (141/(141+5) = 96.58%)

e Recall = (141/(141+4) = 97.24%)

e  Fl-score = (2(141)/[2(141)+5+4] = 96.91%)

e  Specificity = (150/(150+5) = 96.77%)
4.5 Empirical Baseline Comparison
To evaluate the effectiveness of the proposed LSTM architecture,
comparative experiments were conducted against representative
models from three categories: traditional machine learning classifiers,
convolutional neural networks, and transformer-based language
models. Traditional classifiers including Naive Bayes, Logistic
Regression, Support Vector Machines, and Random Forest were
selected as classical text classification baselines. CNN and Bi-LSTM
architectures were included to represent alternative neural sequence
modeling approaches, while BERT was selected as a representative
transformer-based model reflecting current advances in contextual
language representation. This comparison provides an evaluation of
the trade-off between predictive performance and computational
complexity under a low-resource institutional dataset. As shown in
Table 4. The metrics for the proposed LSTM have been aligned with
the updated 97.0% validation baseline.

Table 4. Comparative Statistical Baseline Performance Matrix

. Final
Bvaluated Classificatio Predictio Sensitivit Compute Cross-
Model n Accurac n (Recall) dFl- Entro|
Architecture Y Precision | Y Score y Lost)
Multinomial 84.5% 85.0% 83.2% 84.1% 0.42

e Baseline Outperformance: The proposed single-layer LSTM
framework consistently outperforms all traditional machine
learning baselines (Naive Bayes, Logistic Regression, SVM,
Random Forest) and the localized 1D CNN architecture across all
primary evaluation metrics.

e  Statistical Significance: A paired Student’s t-test calculated
across cross-validation folds confirms that the performance gains
achieved by the proposed LSTM over traditional classifiers and
the 1D CNN are statistically significant (p < 0.01).

e Resource Efficiency Validation: The marginal performance
variations between the proposed single-layer LSTM, the heavier
Bi-LSTM, and the fine-tuned BERT transformer are statistically
non-significant (p > 0.05). This mathematically justifies selecting
the streamlined single-layer LSTM as the optimal, resource-
efficient pipeline for low-resource institutional deployment.

Although fine-tuned transformer-based models achieved slightly

higher accuracy in the comparative evaluation, their marginal

improvement must be considered alongside substantially higher
computational requirements and parameter complexity. For the
present low-resource institutional setting, where only 300 academic

profiles were available, the lightweight LSTM architecture provides a

more practical balance between predictive performance, training

feasibility, and deployment efficiency. Therefore, the selection of

LSTM was guided not only by classification accuracy but also by

resource constraints and the objective of developing a reproducible

approach suitable for similar university environments with limited
data availability.

The improved performance of the LSTM model compared with

traditional machine-learning baselines can be attributed to its ability to

learn contextual dependencies within sequential academic text
representations. Traditional classifiers such as Logistic Regression,

Naive Bayes, and Support Vector Machines generally rely on

manually derived or statistically independent feature representations,

where word importance is estimated without explicitly modeling the
order and interaction of terms.

4.6 Critical Narrative and Architectural Interpretation

The comparative results provide several key insights into how

different neural architectures process academic text:

e Classical Baseline Limitations: Traditional models (Naive
Bayes: 84.5%, Logistic Regression: 89.0%) underperformed due
to flat TF-IDF vectorizations discarding sequential and
chronological context, causing them to struggle with
interdisciplinary keyword overlaps.

e Sequential Gated Advantages: Traditional machine learning
classifiers achieved lower performance because their feature
representations generally treat textual indicators independently
and have limited capability to model contextual relationships
among academic terminology. The proposed LSTM architecture
improved classification performance by maintaining contextual
information through recurrent hidden states, allowing the model
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to integrate related terms distributed across research descriptions sensitivity analyses, to evaluate their effect on classification
and publication records. However, the performance improvement performance.
should be interpreted within the context of the simplified binary e Administrative Feature Leakage: The inclusion of

classification task and the limited dataset size.

e  Efficiency-Performance Trade-off: Although BERT achieved
slightly higher predictive performance than LSTM, the difference
was small relative to the increased computational complexity
associated with transformer-based fine-tuning. The results
indicate that a compact LSTM architecture can provide
competitive classification performance when working with
limited institutional datasets, where computational efficiency and
implementation simplicity may be important practical
considerations.

e  Performance Resolution: The strong classification performance
resulted from aggregating 273 high-cardinality keywords into
binary macro-disciplines, which widened semantic distances and
allowed the network to easily establish an optimal separating
hyperplane. The high classification performance should be
interpreted within the specific scope of this study. The proposed
model addresses binary macro-disciplinary classification rather
than fine-grained research-interest identification, which creates a
simpler decision boundary between broad academic domains. In
addition, the available institutional profile information includes
both textual research-related attributes and structured academic e
metadata, which may contain strong disciplinary indicators.
Therefore, the reported performance demonstrates effective
classification within the Sebha University institutional context
but should not be interpreted as evidence of complete domain-
independent generalization. External validation using multi-
institutional ~ datasets remains necessary to evaluate
transferability.

e Feature Dependence and Generalization Constraints: The
achieved classification performance should be interpreted within
the context of the available institutional profile representation.
Because the input data include administrative attributes such as
Faculty, Department, and Specialization, the model may exploit
institution-specific lexical patterns that are strongly correlated
with the target categories. Although this configuration reflects a
realistic university knowledge-management scenario, it may
reduce portability to external institutions with different
organizational structures. Therefore, the current findings
demonstrate effective institutional profile classification rather
than fully domain-independent semantic inference.

4.7 Institutional and Administrative Implications

From an administrative perspective, this automated NLP pipeline

offers university leadership a practical tool for institutional knowledge

management and research governance. Traditional manual reviews of
faculty CVs are highly subjective, slow, and prone to administrative
lag. Transitioning to an automated extraction and classification
pipeline allows human resource and research offices to execute rapid,
data-driven skills assessments across the institution. This automated
tracking supports the strategic organization of interdisciplinary
research teams for national grant proposals, optimizes internal funding
allocations toward highly productive departments, and helps identify
institutional knowledge gaps based on empirical data, contributing to

a more effective research infrastructure. A transparent scientific

evaluation requires acknowledging potential threats to validity that

influence the experimental design, statistical inferences, and
architectural generalizability of the NLP-to-LSTM pipeline.

5.1 Internal Validity

Internal validity threats encompass systematic errors and

methodological constraints within the preprocessing and training

phases that could introduce bias:

e Imputation Artifacts: Mode-based replacement of missing
categorical attributes was adopted to preserve sample size in
the limited institutional dataset. However, this strategy may
introduce artificial frequency patterns by assigning
dominant categories to incomplete records. Although no
records were removed because of missing information,
future studies should compare alternative missing-data
strategies, such as dedicated missing-value tokens or

institutional descriptors such as Faculty, Department,
General Specialization, and Specialization represents a
potential source of feature leakage because these variables
may provide direct signals related to disciplinary categories.
Consequently, the LSTM classifier may partially rely on
administrative correlations in addition to extracting
semantic information from research-related text. The
reported accuracy should therefore be interpreted as
performance within a complete institutional profile
classification framework. Future work should evaluate
controlled  feature-ablation  settings by  removing
administrative identifiers and assessing classification based
exclusively on research-oriented textual information.

5.2 External Validity
External validity concerns the generalization capacity of the
framework when deployed in external academic environments or
multi-institutional digital repositories. In particular, differences in
administrative structures, department naming conventions, and
institutional organization may affect model transferability when
applied beyond Sebha University:

Institutional Domain Specificity: Curating the corpus exclusively

from 300 faculty records at Sebha University tightly couples the

vocabulary layer with localized administrative naming conventions,
constraining generalization to external universities with differing
organizational structures or interdisciplinary profiles.

Linguistic Selection Bias: Restricting data inclusion strictly to

English-language features excludes substantial regional research

published in Arabic or other localized languages, limiting the system's

practical comprehensiveness in regional deployments.

5.3 Construct Validity

Construct validity assesses whether the operationalized empirical

design and evaluation metrics align with the high-level objectives

formulated in the introduction:

e Target Resolution Limitation: The original objective of
identifying academic research interests at a detailed level was
constrained by the limited number of samples available per
specialized field. Consequently, the experimental framework
evaluates macro-disciplinary classification rather than fine-
grained research-interest  prediction.  Although  macro-
disciplinary classification improves statistical stability, it
inevitably reduces semantic resolution. Researchers from
interdisciplinary fields or overlapping domains may share
characteristics across both categories, which cannot be fully
represented by binary labels. Future work should investigate
hierarchical classification, multi-label learning, and ontology-
based approaches to capture evolving and overlapping research
expertise.

e  Metric Interpretation Variance: The high evaluation metrics
demonstrate proficiency in broad macro-discipline sorting rather
than a capacity to discover nuanced, evolving research topics,
introducing a structural gap between the conceptual construct and
empirical execution.

5.4 Statistical Conclusion Validity

Statistical conclusion validity concerns the mathematical reliability,

stability, and power of the inferences drawn from the experimental

results:

e Data Sparsity and Sample Volume: The modest dataset size
(N =300) limits the overall statistical power of evaluations across
validation folds, rendering variance metrics highly sensitive to
slight data fluctuations.

e Latent Saturation and Overfitting: The optimization curves
illustrate a horizontal plateau in independent test accuracy at
97.0% with a final loss value of 0.14. While this confirms a stable
optimization pattern, statistical conclusions regarding absolute
generalization must be interpreted with caution until verified
against a completely independent, temporally separated hold-out
set or external institutional repository.

Although stratified five-fold cross-validation provides a robust

internal evaluation strategy, it does not replace validation on an
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independent external institutional dataset. Future studies should
evaluate temporal and cross-institutional generalization to determine
whether the learned representations remain effective beyond the
original university environment

6. Conclusion and Future Work

6.1 Conclusion and Key Findings

This study developed an automated text classification pipeline using
NLP and a single-layer LSTM network to classify faculty profiles into
broad institutional macro-disciplines. The achieved performance
should therefore be interpreted as evidence of effective macro-
disciplinary classification rather than direct prediction of individual
research topics. Evaluated using a Stratified 5-Fold Cross-Validation
protocol, the model achieved stable convergence with a 97.0% mean
accuracy and a binary cross-entropy loss of 0.14, demonstrating that
sequential gated networks can effectively model contextual
relationships within processed academic profile text. However,
analysis indicates that this high performance was influenced by the
reformulation of the original research-field labels into broader macro-
disciplinary categories. This transformation improved class
separability and statistical stability but reduced the granularity of the
resulting expertise representation.

6.2 Methodological and Practical Contributions

The contributions of this research bridge technical deep learning
design and practical higher education administration:

e Methodological & Scientific: The study demonstrates the
applicability of a resource-efficient deep-learning pipeline
for low-resource Educational Data Mining on a small
dataset (N = 300), without the parameter overhead of large
transformer models. It also presents a preprocessing
protocol combining categorical mode imputation and
neutral placeholders for missing narrative fields while
preserving incomplete records.

e Practical & Institutional: The framework provides Sebha
University with an automated tool for digital knowledge
governance and intellectual capital mapping. By replacing
manual, subjective CV audits with automated text analytics,
it streamlines cross-disciplinary grant team assembly,
optimizes internal resource allocation, and identifies
departmental expertise deficits using objective institutional
data.

6.3 Limitations and Directions for Future Work

While the pipeline demonstrates strong empirical performance,
specific structural constraints remain to guide subsequent research
paths:

e  Target Categorization Resolution: The current system is
constrained to a binary classification framework due to
sample size limitations. Future iterations will focus on
developing multi-label classification architectures capable
of mapping granular, evolving research keywords and
granular specializations.

e External Generalization Constraints: The primary
limitation of this study is that the dataset was collected from
a single institutional environment, namely Sebha
University. Although this setting provides a realistic low-
resource academic scenario, institutional terminology,
departmental structures, and research-profile characteristics
may differ across universities. Consequently, the reported
performance demonstrates the effectiveness of the proposed
framework within the studied institutional context but does
not establish universal cross-institutional generalization.
Future research should validate the approach using multi-
institutional datasets, investigate domain adaptation
techniques, and evaluate model robustness across different
academic environments.

e Missing-Data Robustness: Future research should
investigate alternative missing-value treatment strategies,
including missing-indicator representations and embedding-
based approaches, to determine whether preprocessing
choices influence model stability and generalization in small
academic datasets.

e Linguistic Selection Bias: The inclusion protocol relied
strictly on English-language text features, excluding

significant regional research published in Arabic. Future
work aims to construct hybrid, multilingual pipelines by
integrating Arabic-specific transformer baselines (such as
AraBERT) to achieve a more comprehensive and
linguistically inclusive representation of institutional
research profiles.

e  Advanced Transformer Evaluation: Although BERT was
included as a representative transformer baseline, future
studies should investigate domain-adapted transformer
models and multilingual pretrained architectures when
larger institutional datasets become available.
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