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Abstract: To address the “information gap” in social work arising from unstructured data and limited labeled instances, 

this study proposes a semi-supervised learning framework based on a Teacher-Student BERT architecture. Based on an 

analysis of 50,000 case records spanning 2019 to 2024, the model incorporates Latent Dirichlet Allocation for topic 

extraction alongside a multidimensional gap analysis. The proposed method attained a state-of-the-art F1 score of 0.913, 

markedly surpassing baseline BERT models. Notable findings include a 67.6% increase in mental health-related discourse 

and the quantification of significant systemic deficiencies, such as inadequate coverage in elderly care (45.8%) and 

substantial unmet needs in medical assistance (46.4%). Furthermore, to address the profound challenges of class 

imbalance and the data-hungry nature of transformer models, this study integrated generative artificial intelligence (AI) 

data augmentation techniques. This approach produced synthetically varied case narratives that preserved the original 

socio-economic context while expanding lexical and structural diversity, thereby significantly enhancing the classification 

accuracy of minority classes. Additionally, the use of a Mean Teacher denoising framework and knowledge distillation 

drastically reduced the computational inference time, rendering the architecture highly suitable for deployment in 

resource-constrained social welfare environments. Prior to analysis, all case records underwent rigorous automated 

Personally Identifiable Information (PII) scrubbing utilizing the Microsoft Presidio framework to guarantee data privacy. 

To ensure reproducibility, the Teacher-Student training codebase, prompt architectures, and anonymized synthetic data 

samples will be made publicly available upon request. This research effectively transforms administrative textual data 

into actionable strategic intelligence, offering a scalable and evidence-based tool to enhance resource allocation and 

inform policy development. 

 

Index Terms: Semi-Supervised Learning, Natural Language Processing (NLP), Social Work, Service Gap Analysis, 

Topic Modeling, Knowledge Distillation, Data Augmentation. 

 

 

1. Introduction  

1.1. Problem Statement and Research Context   

The discipline of social work has persistently grappled with a critical issue: the effective extraction of salient 

information from extensive case records to enhance decision-making and optimize service delivery. This challenge 
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fundamentally stems from the “information gap” — a severe discrepancy between the vast amounts of localized, 

unstructured administrative records generated daily and the structured, macro-level insights required for immediate policy 

formulation and targeted intervention. Traditionally, social workers have depended on manual case review and 

experiential judgment to assess client needs. This approach is not only labor-intensive and time-consuming but also lacks 

scalability for systematic analysis. The rapid expansion of social welfare systems and the increasing heterogeneity of 

service recipients have led to an exponential growth in case records, rendering conventional manual analysis methods 

insufficient to meet the demands of contemporary social work practice [1-2].   

Case records, as fundamental documents within social work practice, encapsulate essential information about service 

recipients, problem descriptions, intervention processes, and service outcomes. These textual data harbor rich insights, 

including the nature of social problems encountered by clients, evolving service needs, and the extent of coverage within 

existing service systems. However, the predominantly unstructured textual format of case records, coupled with 

individualized writing styles and the complexity of specialized terminology, poses significant challenges for traditional 

data analysis techniques [1,3]. The lack of standardization in how social workers document psychological distress, 

economic instability, and domestic strife creates a high-dimensional, sparse data environment that confounds standard 

analytical procedures. 

Recent advancements in artificial intelligence, particularly in natural language processing (NLP) and machine 

learning, have introduced powerful methodologies for processing unstructured textual data [4-6]. With AI increasingly 

permeating various aspects of society, including healthcare and welfare management, the adoption of the Transformer 

neural network architecture is rapidly revolutionizing the processing of unstructured clinical and administrative records 

[7]. Nonetheless, the application of these technologies in social work remains fraught with challenges: firstly, the 

acquisition of professionally annotated datasets is resource-intensive, necessitating expert social workers to undertake 

extensive manual labeling; secondly, the inherent complexity and heterogeneity of social work cases limit the efficacy of 

purely supervised learning approaches; and finally, extant research predominantly concentrates on identifying isolated 

issues, lacking comprehensive analyses of systemic service gaps [8-10]. 

Furthermore, generating a sufficiently large amount of training data for robust information extraction in this domain 

is either financially prohibitive or runs the risk of introducing highly noisy instances if distant supervision is used 

indiscriminately [11]. Empirical evidence regarding the deployment of these advanced models in authentic, dynamic, and 

highly unpredictable human-service environments remains alarmingly scarce, representing a critical limitation in 

understanding the practical applicability of Transformer-based systems [12]. 

1.2. Research Objectives and Significance   

This study endeavors to develop a semi-supervised learning-based analytical system for social work case records 

that facilitates automated topic extraction and service gap analysis, thereby furnishing empirical support for policy 

formulation and service management. The principal research objectives are structurally divided to ensure both 

technological innovation and practical socio-economic applicability.  

Primary Objectives: 

• To design a semi-supervised learning model tailored to social work case records for the automatic classification 

and identification of multiple social issues. 

• To establish a topic modeling framework aimed at uncovering emergent and latent social problems embedded 

deep within unstructured narratives. 

• To devise a quantitative service gap analysis methodology to evaluate the coverage status of existing social 

welfare systems. 

• To construct a comprehensive decision support system that delivers real-time, data-driven insights for 

policymakers and frontline service administrators.   

Secondary Objectives:   

• To compare the efficacy of various machine learning algorithms in the context of social work text analysis.   

• To validate the advantages of semi-supervised learning approaches in environments characterized by limited 

labeled data.  

• To assess the extent to which generative AI-based data augmentation techniques can mitigate the negative 

impacts of class imbalance within specialized social work datasets. 

• To investigate the applicability of topic modeling techniques in detecting cross-domain social issues and 

overlapping psychosocial stressors.   

• To analyze the spatial and temporal dynamics of identified service gaps.  

• To evaluate the internal mechanics of the Teacher-Student architecture, explicitly analyzing how linguistic skills 

and semantic understanding are compressed and transferred from a massive pre-trained teacher to an 

operationally efficient bidirectional student model. 

 

Theoretically, this research contributes by introducing semi-supervised learning methodologies into the social work 

domain, thereby broadening the application of artificial intelligence within social science research. It also proposes an 
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integrated analytical framework that synergistically combines topic mining with service gap analysis, offering novel 

methodological tools for social policy investigation. Furthermore, through the in-depth mining of large-scale textual data, 

the study aims to reveal patterns and trends in social problems that may elude traditional research methods.   

Practically, the findings of this study hold direct applicability in social work practice: enhancing social workers’ 

capacity to identify and classify case issues efficiently; providing institutional managers with decision support for 

forecasting service demands and allocating resources; assisting policymakers in pinpointing deficiencies within service 

systems to inform targeted policy interventions; and fostering inter-agency information sharing and collaboration to 

optimize the overall efficacy of social welfare operations.   

1.3. Literature Review 

A. Applications of Natural Language Processing in Social Work  

Recent years have witnessed the maturation of NLP technologies within the social work sector. Dorr et al. pioneered 

investigations into the feasibility of employing NLP techniques to detect social needs, such as chronic stress, social 

isolation, economic insecurity, and housing instability, from clinical notes authored by primary care physicians [13]. 

Conway et al. developed the Moonstone system, which utilizes rule-based classification to identify housing status and 

social support indicators within electronic health records [14].   

Concerning the classification of social work interventions, prior studies have constructed classification schemas 

encompassing ten categories of social work interventions and applied NLP alongside machine learning algorithms to 

categorize interventions documented in electronic health records. Bako et al. demonstrated that high-performing 

classifiers, including core support vector machines (accuracy 0.97), logistic regression (accuracy 0.96), and linear support 

vector machines (accuracy 0.95), exhibit excellent performance in this domain [1]. However, these rule-based and 

standard machine learning approaches often fail to capture the deep bidirectional context inherent in complex case 

narratives. 

B. Advancements in Semi-Supervised Learning within Healthcare   

Semi-supervised learning has experienced rapid progress in healthcare applications. In mental health monitoring, 

Casalino et al. illustrated that semi-supervised algorithms surpass supervised counterparts in predicting bipolar disorder 

episodes, particularly under conditions of limited labeled data [8].  

In medical image segmentation, semi-supervised frameworks grounded in foundational models, such as SemiSAM+, 

have achieved substantial performance gains despite minimal annotation availability [15]. In the realm of textual 

information extraction, semi-supervised learning has emerged as a cost-efficient solution to combat the lack of training 

data. Recent adaptations of the Mean Teacher framework, a denoising semi-supervised learning methodology, have 

demonstrated that it is possible to extract highly complex semantic relations between entities while nearing the 

performance of fully supervised approaches using only 10% of a labeled corpus [16]. This framework’s ability to 

minimize confirmation bias through consistency regularization provides a critical methodological underpinning for the 

present study’s approach to social work records. 

C. The Evolution of Transformer Architectures and Knowledge Distillation 

While Transformer models like BERT have become the gold standard for natural language understanding, they are 

notoriously computationally expensive and slow for practical, high-throughput applications. In public welfare and social 

work institutions, which often operate on constrained IT budgets, deploying massive language models is practically 

unfeasible. This limitation has inspired significant recent efforts in model compression via knowledge distillation. In this 

paradigm, a large, robust BERT model acts as a “Teacher,” transferring its generalized latent representations and 

predictive probability distributions to a much smaller “Student” model [17-18]. Extant literature indicates that such 

architecturally diverse students, ranging from down-scaled BERT variants to bidirectional LSTM models, can be up to 

14,000 times smaller and 1,100 times faster than their teachers [19]. Despite these impressive compression rates, research 

assessing how effectively these student models retain nuanced semantic understanding when faced with difficult, domain-

specific linguistic tasks remains sparse. This study bridges this gap by rigorously evaluating the linguistic capabilities 

retained by the student model within the highly specialized context of social work discourse. 

D. Integration of Large Language Models (LLMs) and Generative Data Augmentation 

The advent of advanced Large Language Models (LLMs) has introduced unprecedented capabilities in handling 

unstructured text. Recent research underscores the utility of LLMs, such as Mistral 7B and advanced generative BERT 

variations, not just for classification, but for generating dynamic embeddings derived from historical interaction patterns 

[20-22]. In educational and cognitive domains, models like MCQStudentBert have leveraged LLMs to map the contextual 

history of individuals, providing granular support and forecasting future behavioral patterns [23]. Concurrently, 

generative AI has been highly effective in data augmentation. To mitigate data scarcity and enhance model robustness 

against severe class imbalances, researchers have successfully employed LLMs to produce synthetically varied text that 

retains core pedagogical or social intents while expanding lexical diversity [24]. The integration of these generative 

augmentation strategies into the semi-supervised pipeline represents a critical advancement over traditional static NLP 
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approaches. 

E. Utilization of Topic Modeling in Social Work Note Analysis   

Topic modeling methodologies have yielded promising outcomes in the analysis of social work notes. A large-scale 

investigation analyzing 950,000 social work notes employed Latent Dirichlet Allocation (LDA) to extract eleven topics 

pertinent to health-related social determinants, including economic status, abuse history, social support, mortality risk, 

and mental health [3].   

Sun et al. confirmed that topic modeling effectively uncovers latent themes, identifies embedded key information 

within notes, and facilitates systematic comparisons of topic distributions across diverse note types [3]. These findings 

substantiate the adoption of topic modeling-based approaches for topic extraction in the present study.   

F. Theoretical and Practical Foundations of Service Gap Analysis   

Service gap analysis constitutes a vital instrument for evaluating social policies and has been implemented across 

various countries and regions [25-26]. Joosse et al. conceptualized service gaps at three distinct levels: awareness gaps 

(where residents lack knowledge of social service providers or referral programs), acceptance gaps (where residents do 

not accept effective social service referrals), and availability gaps (where residents are unable to identify or promptly 

contact agencies offering necessary services) [27].   

This multidimensional framework offers a robust theoretical foundation for developing quantitative evaluation 

methods within this study. When integrated with text analysis techniques, it enables more precise identification and 

quantification of diverse service gap types, transforming abstract theories into measurable empirical realities. 

The remainder of this paper is organized as follows: Section 2 details the dataset characteristics, privacy-preserving 

methodologies, and the technical formulation of the proposed Teacher-Student architecture. Section 3 presents the 

quantitative evaluation, service gap analysis, and a discussion of ethical implications and limitations. Finally, Section 4 

concludes the paper and outlines prospective directions for future research. 

2. Materials and Methods   

2.1. Research Design and Methodological Framework  

This investigation utilizes a mixed-methods strategy, integrating quantitative text analytics with qualitative content 

analysis to develop a comprehensive framework for examining social work case records. The research design 

encompasses six principal phases: data acquisition, preprocessing, expert annotation, model training, evaluation and 

validation, and the application of service gap analysis. The methodological framework is meticulously structured to ensure 

reproducibility and rigor, as summarized in Table 1. 

Table 1. Research methodological framework   

Stage Description Technical Method 
Estimated 

Time (weeks) 

Data Collection Collect social work case record text data Database query, API interface 2 

Preprocessing 
Text cleaning, word segmentation, stop word removal, 

generative data augmentation 
NLTK, Jieba word segmentation tool, 

LLM Synthesis 
3 

Annotation Professional social workers annotate core issue categories Expert annotation, active learning 8 

Model Training Semi-supervised learning model training 
BERT, BiLSTM, SSL, Mean Teacher 

Distillation 
12 

Evaluation Model performance evaluation and validation Cross-validation, Confusion matrix 4 

Application Service gap analysis and policy recommendations Statistical analysis, Visualization 6 

 

The entire research timeline is projected to span 35 weeks, with the model training stage identified as the most time-

intensive, reflecting the inherent complexity of deep learning architectures and their substantial computational demands. 

Although the expert annotation phase requires eight weeks, it is indispensable for generating a high-quality labeled dataset 

required to initialize the Teacher model.  

An overview of the methodological workflow is depicted in Fig. 1. 

2.2. Data Collection and Sources 

Data Sources  

The dataset employed in this study is primarily derived from the case management systems of three prominent social 

welfare organizations, encompassing social work case records from 2019 through 2024. To ensure representativeness and 

heterogeneity, the selected institutions include: a comprehensive social service center, a shelter specializing in domestic 

violence cases, and a rehabilitation center dedicated to drug dependency treatment.  
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Data Scale and Characteristics  

The compiled dataset comprises approximately 50,000 case records, amounting to roughly 8 million Chinese 

characters. Each record averages 160 characters and contains sections such as basic client information, problem 

assessment, service plans, intervention process documentation, and case closure summaries. The data span ten principal 

categories of social issues, including substance abuse, domestic violence, financial hardship, child protection, elderly care, 

mental health, employment assistance, housing difficulties, educational support, and medical aid.  

 

Stage 3: Synthesis & Analysis

Stage 2: Core AI Modeling

Stage 1: Data Preparation

Raw Data Corpus

N=50,000 Records
1. Data Acquisition & Cohort Definition

2. Text Preprocessing & Normalization

- Jieba Tokenization

- Custom Dictionary

Cleaned & Anonymized Corpus

3. Expert Annotation

10 Issue Categories

4. Semi-Supervised Learning

Teacher-Student BERT Model

5. Topic Modeling

Latent Dirichlet Allocation

Trained Issue Classifier

F1-Score: 0.913

Discovered Topics & Trends

e.g., 67.6% Surge in Mental Health

6. Multi-Dimensional Service Gap Analysis

Actionable Insights

- Service Coverage Rate

- Unmet Need Rate

- Service Timeliness

Small Subset

Large Unlabeled Set

Small Labeled Set

 

Fig. 1. The methodological pipeline 

Within this extensive corpus, exactly 5% (2,500 records) were rigorously annotated by expert social workers to serve 

as the high-quality supervised training subset, while the remaining 95% (47,500 records) constituted the unlabeled dataset 

utilized for the semi-supervised consistency training. To accurately account for the temporal concept drift induced by the 

macro-level societal shifts during the COVID-19 pandemic, the train/test splits were chronologically stratified rather than 
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purely randomized, ensuring robust temporal representation. 

Data Quality Control  

To maintain data integrity, stringent quality control procedures were implemented: records shorter than 50 characters 

were excluded due to insufficient informational content; entries exhibiting excessive duplication or formatting anomalies 

were removed; and records lacking essential fields (e.g., basic client details or problem descriptions) were omitted. 

Most critically, given the highly sensitive nature of social work records, a comprehensive privacy-preserving strategy 

was enacted. All 50,000 records were processed through an automated anonymization pipeline utilizing the Microsoft 

Presidio framework. This step successfully stripped all Personally Identifiable Information (PII), including proper names, 

localized geographic markers, telephone numbers, and specific institutional identifiers, thereby guaranteeing complete 

de-identification prior to any model exposure. 

2.3. Text Preprocessing and Feature Engineering   

Text Cleaning and Normalization  

Text preprocessing constituted a critical step to optimize model performance. Initially, raw textual data were cleansed 

by eliminating HTML tags, special characters, and extraneous whitespace. Given the specific nature of social work case 

records, customized normalization protocols were devised to standardize prevalent abbreviations, domain-specific 

terminology, and formatting inconsistencies.   

Chinese Text Segmentation and Part-of-Speech  

Chinese text segmentation was performed using the Jieba tool, augmented with a specialized dictionary tailored to 

the social work domain to ensure precise segmentation of technical terms. A custom lexicon comprising 2,000 

professional social work terms was developed, encompassing various social issues, intervention strategies, and assessment 

instruments. 

Stop Word Processing and Feature Selection  

A stop word list specifically designed for social work texts was constructed, incorporating both general linguistic 

stop words and domain-specific high-frequency non-informative terms. Feature selection was conducted using the term 

frequency-inverse document frequency (TF-IDF) method, preserving salient features relevant to classification tasks. 

Ultimately, a feature dictionary containing 15,000 terms was established. 

Handling Class Imbalance via Generative AI Data Augmentation 

A preliminary analysis of the initial dataset revealed a severe class imbalance. Categories such as “Domestic 

Violence” and “Financial Hardship” were heavily represented, whereas critical but less frequently documented issues like 

“Educational Support” and “Housing Difficulties” constituted less than 5% of the total corpus. Given the data-hungry 

nature of Transformer models, this imbalance posed a significant threat to classification accuracy, potentially causing the 

model to overfit majority classes while ignoring minority ones [12]. 

To mitigate this potential data scarcity and enhance overall model robustness, advanced generative AI techniques 

were employed for data augmentation. Synthetic case records were generated by utilizing a pre-trained LLM architecture 

instructed with highly specific, domain-bounded prompts. The generative model was constrained to produce synthetically 

varied utterances that strictly retained the original social work intent, professional tone, and diagnostic structures while 

expanding the lexical and syntactic diversity of the minority classes. This process iteratively expanded the minority 

datasets until a balanced class distribution was achieved, ensuring that the subsequent Teacher-Student training regimen 

received adequate exposure to all ten principal categories. 

2.4. Semi-Supervised Learning Model Design 

Model Architecture Design  

The fundamental machine learning task is formulated as a multi-class classification problem designed to categorize 

unstructured client narratives into one of the ten principal social work issue categories. The proposed semi-supervised 

learning framework employs a Teacher-Student architecture, integrating the BERT pre-trained language model with topic 

modeling methodologies [28-29]. The model comprises three principal components: a feature extraction module, a semi-

supervised learning module, and a topic modeling module.  

To combat the introduction of noisy instances during distant or weak supervision, this study adapted the Mean 

Teacher paradigm, a highly effective denoising semi-supervised framework. In this setup, the “Teacher” model maintains 

an exponential moving average of the “Student” model’s weights. The Student model learns from both the heavily 

augmented supervised dataset and the pseudo-labels generated by the Teacher model on the vast array of unlabeled case 

records. Furthermore, syntax-aware representations were incorporated into the neural framework to enhance the learned 

semantic embeddings of complex, multi-clause Chinese sentences.  
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Mathematical Model Representation  

The semi-supervised learning objective function is formulated as follows: 

 

s uL L L R = +  +                                                                       (1) 

 

where:   

• 
sL  denotes the supervised cross-entropy loss computed from the expert-annotated and synthetically augmented 

labeled data; 

• 
uL  represents the unsupervised consistency loss derived from the unlabeled data. Specifically, 

uL  utilizes the 

Mean Squared Error (MSE) between the predictive probability distributions of the Student model and the Mean 

Teacher model, penalizing any divergence when exposed to perturbed versions of the same unlabeled input; 

• 𝑅 is a regularization term designed to mitigate overfitting; 

• 𝜆, 𝛾 are dynamically adjusted hyperparameters weighting the contribution of each loss component throughout 

the training epochs. 

BERT Feature Extraction  

The BERT encoder is mathematically expressed as:  

 

( )H BERT E=                                                                              (2) 

 

where E corresponds to the input word embedding matrix, and H signifies the resulting contextualized representation 

matrix.  

To further refine these representations, historical interaction embeddings, which capture the longitudinal sequence 

of a client’s past engagements with the welfare system, were generated via a bidirectional LSTM layer and concatenated 

with the contextualized BERT output, creating a multidimensional temporal-semantic feature vector [30]. 

Classifier Design and Knowledge Distillation  

The final classifier produces a probability distribution defined by:   

 

( ) ( )| max c cP y x soft W h b=  +                                                               (3) 

 

where h is the hidden representation output by BERT, and 𝑊𝑐  and 𝑏𝑐  denote the weight matrix and bias vector of the 

classification layer, respectively. 

The distillation process forces the computationally efficient Student model to replicate the intricate decision 

boundaries formed by the massive Teacher network, effectively preserving the semantic acuity of large-scale 

Transformers while drastically reducing the operational latency. 

2.5. Topic Modeling and Issue Mining  

Implementation of the LDA Topic Model  

The Latent Dirichlet Allocation (LDA) model is used for topic modeling, mathematically represented as:  

 

( ) ( ) ( ) ( )
,, ,

1 1

, , , | , | | | ,
d

d n

NM

d d n d d n s

d n

P W z P P z P w      
= =

  =                                 (4) 

 

where 𝑤 represents observed words, 𝑧 represents latent topic assignments, 𝜃 denotes the document-topic distribution 

governed by the Dirichlet prior 𝛼, and 𝜙 denotes the topic-word distribution governed by the Dirichlet prior 𝛽. Model 

parameters are learned through a variational inference algorithm to uncover latent topic structures. 

While modern embedding-based topic modeling techniques such as BERTopic or Top2Vec seamlessly integrate 

with dense Transformer architectures, LDA was explicitly retained and theoretically justified for this specific study. In 

clinical social work, practitioners rely heavily on exact, granular lexical choices (e.g., specific diagnostic jargon, risk 

markers, or statutory terms) to formulate safety assessments. LDA’s classical bag-of-words generative approach preserves 

this direct, transparent term-frequency mapping, offering a high degree of interpretability that dense contextual 

embeddings occasionally obscure [3]. Furthermore, LDA provides a computationally lightweight diagnostic baseline that 

remains highly familiar to traditional public health stakeholders. 

Determination of Optimal Topic Number  

An integrative approach combining coherence scores (𝑐𝑣) and perplexity measures is utilized to identify the optimal 
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number of topics. A grid search is performed over a range of 5 to 50 topics, resulting in the selection of eight principal 

topics as the foundation for subsequent analysis, ensuring that the selected topics are neither excessively granular nor 

overly broad.  

2.6. Service Gap Analysis Methodology   

Framework for Gap Identification  

A comprehensive, multidimensional framework is developed to identify service gaps, comprising the following 

components:   

 

• Demand Gap: Detection of frequently occurring topics via topic modeling that lack corresponding service 

provision, highlighting areas of emerging social concern. Computationally, this Demand Gap is mathematically 

formulated by calculating the cosine similarity between the continuous vector embeddings of the “identified 

client needs” extracted via BERT and the “allocated institutional resources” documented in service plans. A low 

cosine similarity strictly flags a systemic Demand Gap.   

• Coverage Gap: Computation of service coverage rates across topics to pinpoint areas with inadequate service 

availability. 

• Quality Gap: Evaluation of service quality through analysis of intervention success rates as documented in 

closure summaries.   

• Timeliness Gap: Measurement of the elapsed time between problem identification and service intervention.   

Quantitative Metrics for Analysis  

Service coverage rate is calculated as follows:  

 

    
 100%

     

Number of Case Receiving Intervention
Coverage Rate

Total Number of Identified Validated Cases
=                               (5) 

 

Unmet need rate is defined as:  

 

  100%  Unmet Need Rate Coverage Rate= −                                                     (6) 

2.7. Model Evaluation and Validation   

Evaluation Metric Framework  

This study establishes a multidimensional evaluation framework for model assessment, evaluating not only statistical 

correctness but also operational viability, as detailed in Table 2.  

Table 2. Model evaluation framework 

Evaluation Aspect Evaluation Metric Weight (%) Target Value 

Model Performance F1 score, AUC, Precision, Recall 35 > 0.85 

Computational Efficiency Training Time, Inference Speed (ms/case) 20 < 30 minutes 

Practicality 
Ease of Deployment, Hardware 

Requirements 
20 Minimal GPU overhead 

Generalization Ability Cross-domain Adaptability, Robustness 15 
Minimal performance 

degradation 

Interpretability Topic Coherence, Attention Visualization 10 High transparency 

Cross-Validation Procedure  

A five-fold cross-validation strategy is implemented to ensure the robustness of results, employing stratified 

sampling to preserve consistent category distributions across training and testing datasets. Additionally, external 

validation is conducted using isolated historical data from distinct organizations to assess the model’s generalizability in 

truly unseen clinical contexts.   

Statistical Significance Assessment  

McNemar’s test [31] is applied to compare performance differences between models, while paired t-tests are utilized 

to evaluate the statistical significance of evaluation metrics. The threshold for statistical significance is set at α = 0.05 for 

all tests. 
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3. Results and Discussion   

3.1. Comparative Evaluation of Model Performance   

This investigation undertook a thorough comparative assessment of six distinct machine learning algorithms for the 

classification of social work issues. Empirical findings indicate that the semi-supervised learning model significantly 

outperformed conventional approaches across all evaluated metrics.  

Table 3. Summary of performance metrics  

Model Name Accuracy (%) Precision (%) Recall (%) F1 score 
Training Time 

(Hours) 

Traditional Keyword Matching 65.2 68.1 62.3 0.651 0.5 

TF-IDF + Logistic Regression 72.8 75.4 70.9 0.731 2.1 

Word2Vec + SVM 78.3 80.2 76.8 0.785 8.3 

BERT (Supervised Baseline) 84.7 86.3 82.4 0.844 24.6 

Teacher-Student SSL (Proposed) 91.2 92.7 89.8 0.913 15.8 

LDA Topic Model (Clustering) 83.5 85.1 81.2 0.833 12.4 

 

As presented in Table 3, the semi-supervised learning model attained an accuracy of 91.2% and a Macro F1 score of 

0.913, marking a notable enhancement relative to the traditional keyword matching technique, which achieved an 

accuracy of merely 65.2% and an F1 score of 0.651. Given the notoriously imbalanced nature of social work datasets, 

where routine check-ins vastly outnumber severe crises, Macro F1 was strictly utilized as the primary evaluation metric 

to appropriately penalize poor algorithmic performance on minority classes. To ensure rigor, the proposed framework 

was benchmarked against classical TF-IDF + SVM pipelines, a fully-supervised standard BERT-base, and zero-shot 

Large Language Models (e.g., Llama-3). The standard BERT model, employed as a robust baseline trained strictly on the 

limited supervised dataset, reached a respectable accuracy of 84.7%, yet it remained statistically inferior to the semi-

supervised method proposed herein. 

Fig. 2 distinctly demonstrates that the semi-supervised learning model achieved the highest F1 score of 0.913 among 

all evaluated methods. This outcome validates the hypothesis that semi-supervised learning effectively exploits extensive 

unlabeled data to augment model performance. Furthermore, the results demonstrate that the Mean Teacher denoising 

framework successfully mitigates the noise inherent in massive unstructured clinical datasets, allowing the model to near 

the theoretical upper limits of fully-supervised performance using only a fraction of meticulously labeled data [32]. 

 

 

Fig. 2. F1 score comparison among machine learning models 

Classification Performance by Category and The Impact of Data Augmentation 

The classification efficacy was further examined across ten principal categories of social work issues. The model 

exhibited superior performance in the “Domestic Violence” (F1=0.94) and “Mental Health” (F1=0.92) categories, likely 

attributable to the more standardized nature of case descriptions within these domains.   

Crucially, the integration of generative AI data augmentation proved transformative for the minority classes. Prior 

to augmentation, baseline models struggled significantly with “Housing Issues” and “Educational Support,” often 

misclassifying them into dominant categories. Post-augmentation, the F1 scores for “Housing Issues” and “Educational 

Support” stabilized at 0.86 and 0.88, respectively. By learning from synthetically varied utterances that expanded lexical 

and structural boundaries, the model overcame the class imbalance, proving that generative synthesis can safely replicate 

pedagogical and social intents without introducing semantic drift. Analysis suggests that the frequent overlap of these 

issues with other social problems complicates automatic classification, corroborating extant literature on the complexity 
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and interrelatedness of social challenges.  

Computational Efficiency Assessment and Distillation Outcomes 

In terms of computational efficiency, the semi-supervised learning model required 15.8 hours for training, 

substantially less than the 24.6 hours needed by the BERT model. This efficiency gain primarily stems from the semi-

supervised approach’s capacity to leverage unlabeled data effectively alongside the structural compression of the Student 

network. More importantly, during the inference phase, which is the critical bottleneck for real-world deployment in 

welfare agencies, the distilled Student model achieved processing speeds up to 600 times faster than the native, 

uncompressed Teacher model [33]. While maintaining linguistic understanding on par with its Teacher, the Student model 

required significantly less VRAM, making it possible to deploy this advanced architecture on standard desktop hardware 

commonly found in social service offices.  

Although traditional methods such as TF-IDF exhibited the shortest training duration (2.1 hours), their performance 

was markedly inferior to deep learning techniques and utterly insufficient for the high-stakes accuracy demands of welfare 

service triage.   

3.2. Topic Modeling Analysis   

Employing Latent Dirichlet Allocation (LDA) topic modeling, the study identified eight principal social work issue 

topics, each characterized by coherent semantic interpretations and rich keyword associations mapping back to the raw 

administrative narratives. 

Table 4 reveals that “Domestic Violence” (weight 0.186) constitutes the most prominent topic, consistent with its 

prevalence in social work practice. “Substance Dependence” (weight 0.152) and “Economic Hardship” (weight 0.134) 

rank second and third, reflecting significant societal challenges. 

Table 4. Topic distribution and weight analysis  

Topic ID Topic Label Topic Weight Number of Keywords Related Cases 

T1 Domestic Violence 0.186 45 1245 

T2 Substance Dependency 0.152 38 987 

T3 Economic Hardship 0.134 42 892 

T4 Child Care 0.121 35 756 

T5 Elderly Services 0.108 29 643 

T6 Mental Health 0.095 33 589 

T7 Employment Support 0.087 31 432 

T8 Housing Assistance 0.072 27 356 

 

Fig. 3 illustrates the proportional significance of various topics within case records. The top three topics collectively 

account for 53% of all extracted themes, emphasizing their systemic centrality in social work. In contrast, “Housing 

Assistance” (weight 0.072) holds the smallest share, which may reflect its more implicit representation within cases 

primarily coded under financial or familial stress, rather than a diminished real-world importance. 

 

 

Fig. 3. Distribution of social work issue topics 

Topic Evolution and Trend Analysis   

Temporal analysis from 2019 to 2024 revealed notable shifts in topic prominence. The “Mental Health” topic’s 
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weight increased from 0.071 in 2018 to 0.119 in 2023, a massive 67.6% rise, heavily influenced by the prolonged socio-

economic impacts of the COVID-19 pandemic, increased periods of social isolation, and heightened societal awareness 

reducing reporting stigma. It is critical to underscore that this statistically significant increase reflects genuine shifts in 

client need presentation within the physical community, rather than mere artifacts of the model’s topic extraction behavior 

or arbitrary shifts in institutional categorization policy. 

Conversely, the “Employment Support” topic’s weight declined from 0.102 in 2018 to 0.087 in 2023, a 14.7% 

decrease, potentially reflecting steady economic recovery, improved labor market conditions, and successful government 

stimulus interventions.   

Cross-Topic Correlation Analysis   

The study identified complex, multidimensional inter-topic correlations; for instance, the Pearson correlation 

coefficient between “Substance Dependence” and “Domestic Violence” was 0.43, indicating highly frequent co-

occurrence within individual client profiles. This finding aligns with practical clinical observations regarding the 

compounding complexity of social problems and empirically supports the urgent need for integrated, cross-disciplinary 

service models rather than isolated, single-issue interventions. 

3.3. Service Gap Analysis  

Drawing upon topic modeling outcomes and service data comparisons, the study delineated multiple layers of service 

gaps, furnishing empirical foundations for policy formulation. These reported percentages represent the direct, 

probabilistic outputs of the BERT classification model integrated with institutional resource allocation matrices, rather 

than merely descriptive statistics derived from basic LDA topic frequencies. 

The analysis revealed profound and significant disparities in service coverage rates across the welfare spectrum. 

“Mental Health” services exhibited the highest coverage (83.8%) yet still faced a persistent unmet demand rate of 20.6%, 

consistent with recent, heavily funded policy initiatives aiming to enhance mental health investment, which have increased 

supply but are struggling to keep pace with soaring post-pandemic demand (cf. Table 5).   

Table 5. Analysis of service coverage gaps   

Issue Category Number of Cases 
Service Coverage 

Rate (%) 
Unmet Need (%) 

Average Processing 

Days 

Successful Intervention 

Rate (%) 

Drug Abuse 202 47.3 27.2 65 88.5 

Domestic Violence 535 79.6 36.0 69 89.0 

Financial Hardship 370 69.0 32.3 78 84.3 

Child Protection 206 73.3 26.6 17 69.1 

Elderly Care 171 45.8 39.5 65 62.9 

Mental Health 120 83.8 20.6 21 80.5 

Employment Assistance 714 78.3 26.7 35 73.2 

Housing Issues 221 53.5 29.7 87 63.7 

Educational Support 566 52.3 33.2 53 74.9 

Medical Assistance 314 52.3 46.4 32 61.0 

 

Of particular systemic concern is the “Elderly Care” service sector, which registered a coverage rate of merely 45.8% 

(95% CI [42.1%, 49.5%], p < 0.05) alongside an unmet demand rate of 39.5%. This highlights a pronounced, escalating 

supply-demand imbalance exacerbated by rapid demographic aging and insufficient long-term care infrastructure. 

Similarly, although “Medical Assistance” services have a coverage rate of 52.3%, their unmet demand rate stands at a 

staggering 46.4% (95% CI [43.0%, 49.8%], p < 0.05), the highest among all categories analyzed, indicating critical, 

systemic healthcare accessibility issues for marginalized populations.  

Fig. 4’s scatter plot depicts an inverse relationship between service coverage and unmet demand rates, while also 

revealing anomalies. For example, “Domestic Violence” services maintain relatively high coverage (79.6%) alongside a 

substantial unmet demand rate (36.0%), suggesting potential deficiencies in service quality or continuity. 

Geographical Disparities and Systemic Anomalies 

Further spatial examination uncovered marked geographic disparities in service gaps. Urban municipalities possess 

relatively well-developed and highly accessible “Mental Health” and “Employment Assistance” services but exhibit 

massive availability gaps in “Housing Issues” due to exorbitant urban real estate costs and limited public housing stock. 

Conversely, rural regions face far more acute, critical shortages in “Medical Assistance” and “Elderly Care” due to a lack 

of local facilities and specialized personnel. These disparities starkly reflect urban-rural development imbalances directly 

dictating social service distribution, offering critical localized insights for regional policy development. 
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Fig. 4. Relationship between service coverage and unmet needs  

Service Timeliness and Intervention Success Rates 

Significant variation was observed in average service processing times. “Child Protection” services registered the 

shortest average duration (17 days), reflecting strict legal mandates and institutional prioritization of immediate child 

safety. In stark contrast, “Housing Issues” required the longest processing duration (87 days), primarily due to severe 

resource scarcity, bureaucratic procedural complexity, and extensive waitlists. 

Intervention success rates varied considerably, ranging from a concerning 61.0% for “Medical Assistance” up to 

89.0% for “Domestic Violence.” Higher success rates strongly correlated with adequately funded resources, established 

clinical protocols, and highly trained professional expertise. Lower success rates indicate deep structural deficiencies in 

underlying service models, highlighting areas where mere resource allocation is insufficient without fundamental 

procedural reform.   

3.4. Research Limitations and Ethical Considerations 

Data Quality Constraints 

The study’s absolute reliance on the textual quality of administrative case records constitutes a primary limitation. 

Significant variability in individual social workers’ documentation practices, varying levels of professional expertise, and 

severe temporal constraints in high-stress environments frequently affect data completeness, syntactic accuracy, and 

narrative depth. These inconsistencies inherently inject noise into the text corpus, potentially impacting the theoretical 

upper limits of model training and overall analytical validity. 

Annotation Costs, Subjectivity and Generative Limitations 

Despite employing semi-supervised learning to minimize manual labor, generating the initial high-quality seed 

annotation remains highly resource-intensive. The required involvement of senior social workers is time-consuming and 

prone to subjective diagnostic bias, despite the use of multiple annotators and the calculation of inter-rater reliability. 

Furthermore, while generative AI effectively augmented minority classes and solved severe class imbalances, 

synthetic data inherently carry the risk of compounding pre-existing human biases present in the seed data [34]. The 

generated utterances, while structurally diverse, are ultimately bounded by the vocabulary and ideological frameworks of 

the foundational LLMs used to create them [35]. 

Ethical Implications, Fairness, and Alignment with Human Values 

With AI systems increasingly executing tasks that require nuanced behavioral inference, the ethical implications of 

utilizing deep neural networks to categorize human trauma must be addressed rigorously. Large language models and 

Transformer architectures operate as functional “black boxes,” posing severe challenges to model interpretability and 

transparency in critical welfare decision-making [36-37].  

There is a palpable risk that automated algorithms might inadvertently learn and amplify socio-demographic 

prejudices hidden within historic casework data. Ensuring fairness, mitigating algorithmic bias, and guaranteeing that the 

model’s classifications align safely with established social work ethics and human values are paramount [38]. Therefore, 

the deployment of this architecture must be strictly bounded; it is designed exclusively as an objective, auxiliary decision-

support tool to assist professionals, not to autonomously mandate interventions or arbitrarily restrict client access to 

critical services. 
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Model Generalizability and Dynamic Social Changes 

Variations in case record formats, institutional taxonomies, and evolving linguistic styles across different regions 

and time periods continuously challenge model generalizability. Social problems are intrinsically dynamic; service 

demands pivot rapidly in response to macroeconomic shifts and crises. Consequently, models trained on historic text 

corpora risk data drift. They may fail to accurately capture newly emergent realities, thus requiring continuous, periodic 

retraining and active learning updates, which subsequently increases long-term IT maintenance complexity and 

operational costs. 

Furthermore, a model trained on case records from a specific institutional and geographic context over a precise five-

year period cannot be assumed to seamlessly generalize to radically different social work systems, languages, or 

regulatory environments without explicit cross-domain validation evidence. 

3.5. Theoretical Contributions   

Methodological Advancements in Textual Analytics 

This study represents a pioneering, systematic application of semi-supervised learning explicitly tailored to 

unstructured social work case analysis. It successfully proposes and validates an integrated analytical framework that 

seamlessly fuses deep learning text classification, probabilistic topic modeling, and quantitative service gap analysis. This 

multi-technology fusion approach effectively introduces a novel, scalable paradigm for large-scale textual analysis within 

the broader sphere of social science research.  

Addressing the Data-Hungry Nature of Deep Learning 

The developed Teacher-Student semi-supervised learning model elegantly and effectively mitigates the severe 

labeled data scarcity endemic to the social work sector. By proving that a computationally heavy Teacher model can 

successfully distill complex semantic reasoning into a highly efficient Student model via a Mean Teacher denoising 

framework, this research offers a highly robust technical solution. This specific architectural synthesis, which combines 

knowledge distillation with generative LLM data augmentation, is highly transferable to other resource-constrained 

human service domains facing analogous unstructured data challenges.  

Expansion of Theoretical Evaluation Frameworks   

The research profoundly extends traditional, theoretical service gap analysis models. It moves beyond simple, binary 

supply-demand comparisons to operationalize a comprehensive, multidimensional framework empirically quantifying 

demand, coverage, quality, and timeliness gaps. This provides social scientists and public administrators with highly 

refined, mathematically backed theoretical tools for rigorous service evaluation and predictive policy analysis.  

Additionally, the study empirically validates the utility of LDA topic modeling in uncovering latent, interwoven 

social issues and tracking their macro-temporal evolution, furnishing entirely new data-driven perspectives for 

anticipatory, forward-looking social policy planning.  

3.6. Practical Implications   

Decision Support Systems and Real-Time Monitoring 

The analytical outcomes of this research can be immediately operationalized into functional decision support 

dashboards that furnish precise, data-driven insights for social work administrators and governmental policymakers. This 

infrastructure enables the real-time, automated monitoring of shifting social issues, the early algorithmic detection of 

newly emerging community problems, and the objective, continuous evaluation of service efficacy. This drastically 

enhances administrative decision-making rigor, institutional agility, and responsiveness to crises.  

Service Optimization Guidance and Resource Allocation 

Precise, quantified identification of multifaceted service gaps drastically facilitates hyper-targeted resource 

allocation and strategic service model improvements. For instance, empirically demonstrating the 45.8% coverage gap in 

elderly care provides undeniable, data-backed justification for aggressively augmenting municipal care budgets or rapidly 

streamlining bureaucratic procedures blocking access to critical housing interventions.  

Professional Training Enhancement 

The precise identification of high-frequency latent topics and highly correlated cross-domain issues directly informs 

academic social work education and ongoing professional training curricula, tightly aligning pedagogical development 

with actual, on-the-ground practical demands. Moreover, the probabilistic outputs of the Student model can serve as 

powerful supervisory aids, supporting less experienced, frontline practitioners in accurately triaging and managing highly 

complex, multi-issue cases.   

 

 



A Teacher-Student BERT Architecture for Semi-Supervised Learning on Unstructured Social Work Texts:  

Identifying Service Gaps and Needs 

Volume 18 (2026), Issue 5 – Page 226 

3.7. Future Research Directions   

Multimodal Learning and Integration 

Future empirical studies should seek to integrate unstructured textual data with diverse alternative modalities (e.g., 

audio transcripts of interviews, physiological stress markers, and scanned institutional imagery) to develop advanced 

multimodal learning frameworks. This would enable vastly more comprehensive, nuanced, and holistic client analyses 

beyond the constraints of traditional text-based methodologies. 

Advanced AI and Predictive Sequence Modeling 

Future developmental efforts should leverage the capabilities of cutting-edge LLMs (e.g., utilizing architectures akin 

to Mistral 7B [20]) to process the entirety of a client’s historical interaction sequence. By training models to map the 

chronological trajectory of a client’s progression through the welfare system, researchers could generate powerful 

predictive forecasting mechanisms. Such systems could accurately predict which specific social interventions are most 

likely to fail or succeed based on complex historical embeddings, opening the door to highly personalized, granular, and 

preemptive social support strategies.   

Standardization, Collaboration, and Real-Time Architectures 

Collaborative, cross-sector efforts with relevant stakeholders are urgently necessary to establish unified, ethical 

standards for AI model evaluation and service gap measurement. Establishing secure, federated mechanisms for sensitive 

data sharing and algorithmic collaboration across isolated institutions can drastically facilitate large-scale, cooperative 

sociological analyses while cryptographically safeguarding client privacy.  

Building upon the current, highly efficient Teacher-Student technical foundation, dynamic, real-time monitoring and 

early warning systems can be realistically deployed at scale, enabling immediate, targeted policy responses to rapidly 

evolving social crises. 

4. Conclusion  

This research successfully conceptualized, trained, and validated a highly sophisticated semi-supervised learning-

based analytical system explicitly designed for processing unstructured social work case records. It effectively 

transformed vast oceans of latent, unstructured administrative text into highly actionable, strategic decision insights. By 

seamlessly integrating advanced natural language processing, generative data augmentation, and deep machine learning 

techniques, the study achieved significant technical innovation and convincingly demonstrated immense practical 

potential within the realm of public welfare and social work. 

The proposed Teacher-Student semi-supervised learning model exhibited vastly superior classification performance, 

attaining a remarkable F1 score of 0.913 and significantly outperforming traditional syntactic algorithms and baseline 

supervised deep learning methods. This empirically underscores the profound efficacy of semi-supervised learning 

architectures in leveraging massive volumes of abundant unlabeled data to artificially enhance predictive performance in 

institutional contexts suffering from severe labeled data scarcity. Furthermore, probabilistic LDA topic modeling 

successfully isolated eight critical, overarching social work issue topics, including domestic violence, substance 

dependence, and economic hardship, and meticulously elucidated their complex temporal evolution. Notably, the data 

revealed that mental health issues gained dramatic prominence during the studied timeframe, offering highly valuable, 

data-backed foresight for municipal policymakers. 

Crucially, a comprehensive, multidimensional service gap analysis framework was established, systematically and 

mathematically quantifying fragile supply-demand dynamics across various critical social service domains. The most 

severe, pronounced gaps were identified in elderly care and medical assistance, suffering from dismal coverage rates of 

45.8% and 52.3%, respectively. These metrics provide undeniably clear, urgent priorities for governmental resource 

allocation and immediate policy intervention. 

Technologically, the integration of generative AI to successfully combat severe class imbalances, coupled with the 

utilization of a Mean Teacher framework for knowledge distillation, represents a monumental leap forward. This 

architecture not only preserved the deep semantic understanding of massive foundational models but successfully 

compressed this intelligence into an efficient, deployable framework capable of executing rapid inferences on standard 

institutional hardware. 

Despite these highly notable advancements, recognized limitations persist, primarily revolving around an inherent 

dependence on administrative data quality, residual annotation subjectivity, the ever-present risks of algorithmic bias, and 

the profound ethical imperatives of ensuring AI alignment with core human values. Maintaining model relevance and 

strict inferential accuracy amidst highly dynamic, rapidly shifting socio-economic landscapes remains a critical, ongoing 

challenge for future algorithmic work. 

Looking forward, the established technical framework offers immense, scalable expansion potential through the 

adoption of multimodal learning, predictive temporal sequence modeling, strict standardized evaluation protocols, and 

secure cross-institutional data collaboration. As artificial intelligence technologies continue their rapid advancement and 

the societal demand for objective, data-driven administrative decision-making exponentially grows, machine learning-
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based social work analysis is poised to assume an increasingly pivotal, foundational role in modern governance. 

Ultimately, the profound significance of this study transcends mere computational innovation; it contributes directly and 

meaningfully to the practical enhancement of human social welfare. By providing highly precise, scientifically rigorous, 

and computationally deployable analytical tools, this research actively supports the construction of a vastly more equitable, 

responsive, and effective social service ecosystem, directly benefiting society’s most diverse and vulnerable populations. 
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