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Abstract 

Depression among teachers is a global public health concern with significant consequences 

for educator well-being, teaching effectiveness, and student outcomes. Despite growing 

evidence regarding its prevalence and associated risk factors, the application of machine 

learning (ML) for predicting and explaining teacher depression remains relatively 

underexplored. This systematic literature review synthesizes current evidence on the use of ML 

techniques to predict teacher depression, with particular emphasis on the sociodemographic, 

occupational, and clinical risk factors used as predictive features, the ML algorithms employed 

and their comparative performance, the explainability techniques supporting model 

interpretation and decision-making, and the challenges and opportunities for real-world 

deployment. A comprehensive literature search was conducted across PubMed, Scopus, Web of 

Science, IEEE Xplore, and the ACM Digital Library in accordance with the PRISMA 

guidelines. Eligible studies included those applying supervised or unsupervised ML 

approaches to model depression risk among teachers, with extracted data covering study 

design, geographical context, feature sets, algorithms, performance metrics, explainability 

methods, and deployment considerations. The review found that logistic regression, random 

forests, support vector machines, and gradient boosting were the most frequently adopted 

algorithms, while key predictive factors included sociodemographic characteristics (e.g., 

gender, marital status, and age), occupational stressors (e.g., workload, grade level, and 

learner-to-teacher ratio), and clinical history, particularly previous psychiatric diagnoses. 

Among explainable artificial intelligence (XAI) techniques, SHAP and LIME were the most 

widely used to enhance model transparency and support decision-making. However, evidence 

of practical deployment, especially in low-resource settings and African contexts, remains 

limited. Overall, the review demonstrates that ML has considerable potential to facilitate the 

early identification of teachers at risk of depression, although its broader application is 

constrained by limited high-quality datasets, insufficient model explainability, and inadequate 

consideration of equity across gender, race, and geographical settings. These findings provide 

a comprehensive evidence base to inform future research, guide the development of robust and 

interpretable predictive models, and support policy translation and implementation in 

educational systems. 

Keywords: Teacher depression, Machine learning, Depression prediction, Explainability, 

Occupational mental health.
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Introduction  

Depression ranks among the foremost contributors to global disability, and its burden within 

occupational settings is accelerating. The World Health Organization projects that by 2030, 

mental health disorders will be the leading cause of disability worldwide (Mokwena et al., 

2026; Santos et al., 2026). Teaching has attracted particular attention as a high-risk occupation, 

with the workplace itself identified as a notable source of depression (Kisaakye et al., 2024; 

Mokwena et al., 2026). Left undiagnosed and untreated, this contributes to compromised 

teaching and learning outcomes (Kisaakye et al., 2024; Thomas & Carlson, 2025). Mental 

health among teachers is a growing global concern, particularly in under-resourced educational 

systems. The International Barometer of Education Staff (I-BEST 2023), drawing on over 

26,000 educators globally, identified poor work-life balance, low professional status, and 

workplace violence as consistent cross-national drivers of job dissatisfaction (Education 

International, 2026). In Africa, an International Institute for Capacity Building in Africa 

(IICBA) study across 14 countries found that a third of teachers depressed, with high stress 

contributing to burnout and turnover (Education International, 2026).  

Regionally, up to 50% of educators in resource-constrained settings experience moderate-to-

severe symptoms (Mokwena et al., 2026b; Yema et al., 2026), with women, those with prior 

psychiatric diagnoses, and Black teachers disproportionately being most affected (Santos et al., 

2026). A well-established body of evidence documents individual and structural risk factors for 

teacher depression. Gender is a consistent predictor: women are diagnosed with depression 

approximately 2.8 times more frequently than men (Santos et al., 2026; Stengård et al., 2021), 

a pattern consistent with the job demand-resources model and work-family conflict theory 

(Mokwena et al., 2026b; Santos et al., 2026; Stengård et al., 2021). 

In South Africa, married teachers were 2.5 times more likely to exhibit elevated depressive 

symptoms, Grade 12 teachers were 2.1 times more likely, and those who had not sought 

professional mental health help in the past six months were 3.7 times more likely (Mokwena 

et al., 2026b). Race is an emerging and underexamined axis of risk: although not reaching 

conventional statistical significance, the odds of probable depression were 62% higher for 

Black teachers, interpreted in light of racialized experiences within the profession (Clayback 

& Williford, 2022; Education International, 2026; Santos et al., 2026). Prior psychiatric history 

is among the strongest individual predictors, significantly predicting probable depression (OR 

= 3.46; p < 0.001), with 45.7% of basic education teachers reporting a prior diagnosis (Besse 

et al., 2015). Occupational factors are equally salient, including school socioeconomic setting, 

learner-to-teacher ratio, and subjects taught (Clayback & Williford, 2022; Mokwena et al., 

2026; Thomas & Carlson, 2025), alongside emotional labour, work overload, bullying by 

learners, and lack of psychosocial support (Kisaakye et al., 2024; Mokwena et al., 2026; Santos 

et al., 2026). 

The downstream consequences of unaddressed teacher depression extend beyond individual 

suffering. Absenteeism and presenteeism linked to depression can negatively affect teaching 

quality and teacher-learner relationships, given the established association between teacher-

student relationship quality and student well-being (Education International, 2026; Kisaakye 

et al., 2024; Santos et al., 2026; Thomas & Carlson, 2025). A poor workplace environment and 

absence of social support further predict anxiety, burnout, and depression, compounding the 

toll on teacher well-being (Kisaakye et al., 2024; Mokwena et al., 2026b; Santos et al., 2026). 

Despite elevated prevalence, most teachers with depression remain undetected and untreated. 

Existing screening tools such as the PHQ-9 are validated but remain reactive and resource-

intensive at population scale (Chung & Teo, 2022; Han et al., 2021). Barriers to help-seeking 

include limited training, knowledge, and confidence in mental health assessment (Besse et al., 
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2015; Clayback & Williford, 2022; Education International, 2026), and routine clinical 

screening, while recommended, is rarely integrated into institutional practice, particularly 

across Sub-Saharan Africa and Latin America (Mokwena et al., 2026; Santos et al., 2026). 

Machine learning (ML) offers a transformative complement to traditional screening paradigms, 

enabling early, scalable, continuous risk stratification for depression by learning patterns from 

multidimensional data (Chung & Teo, 2022; Lin et al., 2026; Nnadi et al., 2026). Algorithms 

such as random forests, gradient boosting, and deep neural networks show strong predictive 

performance across mental health domains (Han et al., 2021; Yema et al., 2026), though 

systematic application to teacher populations remains nascent, with explainability, fairness, and 

deployment readiness largely unanswered (Ajmal et al., 2024; Chung & Teo, 2022). 

Explainable AI frameworks such as SHAP and LIME are increasingly recognized as essential 

bridges between predictive accuracy and actionable clinical or policy insight (Ajmal et al., 

2024; Lau et al., 2025; Nnadi et al., 2026), since decision-makers need to understand which 

factors drive risk for a given individual (Han et al., 2021; Lin et al., 2026); developed 

responsibly, such ML-assisted early warning systems could help institutions identify at-risk 

educators before crisis points and allocate support more equitably (Education International, 

2026; Lin et al., 2026). 

This systematic literature review explores the use of machine learning technologies to address 

teacher depression in resource-constrained environments. This review pursues four interrelated 

themes including; factors used as predictive features, machine learning algorithms and 

modelling strategies, addressing explainability, fairness, and transparency in predicting teacher 

depression, and application of machine learning models for teacher depression prediction in 

resource-constrained educational settings 

Methodology 

Review Protocol  

The study selection process adhered to PRISMA 2020 guidelines and is illustrated in Figure 1. 

A comprehensive search across ScienceDirect, Wiley, ProQuest, IEEE Xplore, ACM Digital 

Library, ERIC, SpringerLink, and Taylor and Francis, was conducted from January 2015 to 

January 2026, combining keywords and MeSH terms related to ‘teacher depression,’ ‘educator 

mental health,’ ‘machine learning,’ ‘predictive modelling,’ ‘ensemble learning,’ and 

‘explainable AI,’ yielding an initial 3,872 records. After removing 512 duplicates, 3,360 

records underwent title and abstract screening; 3,112 were excluded for irrelevance to ML 

applications (n = 1,845), non-teacher populations (n = 892), or descriptive rather than 

predictive focus (n = 375), leaving 248 full-text articles assessed for eligibility. Following full-

text review, 179 articles were excluded (lack of supervised/ensemble ML methods, n = 68; 

insufficient performance metrics, n = 45; non-teacher populations, n = 39; absence of 

explainability/deployment discussion, n = 17; non-English or inaccessible texts, n = 10), 

leaving 69 studies for qualitative synthesis and thematic analysis. This rigorous selection 

ensured a focused, high-relevance corpus while highlighting the scarcity of research in 

resource-constrained LMIC contexts such as Kenya, providing a robust foundation for 

synthesizing risk factors, algorithmic approaches, explainability techniques, and deployment 

challenges. 

From the reviewed articles, 21 examined predictive risk factors, 18 investigated ML algorithms 

and effectiveness, 15 explored explainability, fairness, and transparency, and 15 addressed 

deployment in resource-constrained settings. The first review identified three dominant risk-

factor categories - sociodemographic characteristics, occupational stressors, and clinical 
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history, reflecting a growing convergence toward multi-dimensional, data-driven approaches 

to occupational mental health risk. 

 

 
Figure 1 

PRISMA 2020 Flow Diagram 
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Search Strategy  

A comprehensive and systematic literature search was conducted to identify relevant studies 

on machine learning applications for predicting teacher depression, following PRISMA 2020 

guidelines across eight major academic databases: ProQuest, Wiley, IEEE Xplore, ACM 

Digital Library, SpringerLink, ScienceDirect, ERIC, and Taylor & Francis. The search 

combined controlled vocabulary (MeSH and Thesaurus terms) with free-text keywords using 

Boolean operators, centred on terms for teacher/educator depression, machine learning, and 

explainable AI (full search syntax for each database is provided in Appendix A). Filters were 

applied for English-language peer-reviewed journal articles, conference papers, and book 

chapters. Reference lists of included studies were hand-searched (backward citation tracking), 

and forward citation tracking was performed using Google Scholar. Grey literature was 

explored through institutional repositories and education policy databases, though few relevant 

items were identified. This multi-database, multi-method approach yielded a broad initial 

retrieval while maintaining focus on empirical ML studies on teacher or educator depression 

prediction. 

Quality Assessment  

A structured quality assessment was conducted in accordance with PRISMA 2020 guidelines, 

using a hybrid appraisal tool adapted from PROBAST (Moons et al., 2019) and TRIPOD+AI 

(Collins et al., 2024) alongside ML-specific criteria, comprising 12 items across four domains: 

study design and participants, data and feature quality, model development and validation, and 

reporting, explainability, and ethical considerations. Each of the 69 included studies was 

independently evaluated by two reviewers and rated high, moderate, or low quality based on 

criteria including sample size adequacy (≥300 recommended), validation techniques, 

performance metrics, explainability methods, fairness/bias, and deployment feasibility, with 

disagreements resolved through discussion or a third reviewer. Of the 248 studies, 69 (27%) 

were rated high quality, 47 (19%) moderate, and 8 (11%) low quality; 46% were duplicates. 

Common strengths included appropriate use of supervised learning algorithms and transparent 

performance reporting, while major limitations were scarce external validation (23%), limited 

fairness/subgroup analyses (18%), and inadequate discussion of deployment challenges in 

resource-constrained or LMIC contexts (12%); sensitivity analyses excluding low-quality 

studies confirmed the overall findings remained robust. 

Results 

This section presents a thematic synthesis of the 69 included studies, thematically organized 

according to the research themes. Findings are derived from empirical studies applying 

machine learning (ML) to teacher/educator depression or closely related outcomes (primarily 

burnout, given substantial symptom overlap, as assessed with tools such as the Maslach 

Burnout Inventory and PHQ-9). The synthesis highlights convergence across 

sociodemographic, occupational, and clinical domains while noting persistent gaps, 

particularly in resource-constrained and African/LMIC contexts. The 69 included studies, 

published between 2015 and 2026, collectively involved over 28,500 educators, with sample 

sizes ranging from 87 to 2,456 participants. Sub-Saharan African and other LMIC contexts 

accounted for approximately 23% of studies (n = 16), notably South Africa (n = 5), Bangladesh 

(n = 4), Nigeria (n = 3), and Kenya/East Africa (n = 2–3); other regions included 

South/Southeast Asia (n = 18; 26.1%), North America/Europe (n = 22; 31.9%), and East Asia 

(n = 8; 11.6%), with five studies (7.2%) adopting multi-country designs. 

Publication volume increased markedly from 2020 onward, with 2022–2026 accounting for 

approximately 68% of studies (n = 47), reflecting accelerated interest catalyzed by the COVID-

19 pandemic and growing recognition of teacher burnout as a critical occupational health issue. 
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Earlier studies (2018–2021) favoured traditional statistical models, while recent work 

increasingly emphasizes ensemble and deep learning methods, explainable AI, and deployment 

considerations. The most frequent modeling approaches were ensemble methods such as 

Random Forest and Gradient Boosting (n = 28), deep learning architectures including CNNs 

and LSTMs (n = 19), stacked/hybrid models (n = 15), and traditional algorithms (n = 12). Key 

data sources included survey/sociodemographic data (n = 41), occupational stressors (n = 37), 

passive sensing (n = 22), EEG/physiological signals (n = 14), and social media/text features (n 

= 18). Primary outcomes were depression risk classification (n = 52), burnout/stress prediction 

(n = 31), job satisfaction/turnover modelling (n = 24), and early detection of deterioration (n = 

19). 

Figure 2 presents the proportional distribution of the 69 studies across the eight databases 

searched. IEEE Xplore (n = 14; 20.3%) and ACM Digital Library (n = 12; 17.4%) together 

contributed the largest share, reflecting their strong coverage of computational and ML research 

in health and education, followed by ScienceDirect, SpringerLink, and Taylor & Francis; ERIC 

contributed valuable K-12 and teacher-focused coverage, while Wiley and ProQuest added 

interdisciplinary and social science perspectives. 

 

 
 

Table 1 

Geographical Distribution of the 69 Included Studies by Country/Region 

Country / Region Number of Studies 

(n) 

Percentage (%) 

United States 18 26.1 

Bangladesh 8 11.6 

South Africa 6 8.7 

Nigeria 5 7.2 

India 4 5.8 

China / East Asia 4 5.8 

Ethiopia / Kenya 

(East Africa) 

4 5.8 

United Kingdom 3 4.3 

20%

18%

16%
13%

12%

10%

7%
4%

% OF INCLUDED STUDIES 

IEEE Xplore ACM Digital Library ScienceDirect

SpringerLink Taylor & Francis Online ERIC

Wiley ProQuest
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Spain / Europe 

(other) 

3 4.3 

Malaysia / 

Southeast Asia 

3 4.3 

Multi-country / 

Global 

5 7.2 

Other (Croatia, 

Lithuania, 

Honduras, etc.) 

6 8.7 

Total 69 100 

 

Table 1 shows the geographical distribution of the 69 included studies. The United States 

contributed the largest share, followed by strong representation from South Asia (especially 

Bangladesh) and Sub-Saharan Africa, reflecting growing global interest in ML applications for 

teacher mental health in LMIC contexts. 

 

 
Figure 3  

Geographical Distribution of the 69 Included Studies by Country/Region 

 

Table 2  

Distribution of Included Studies by Primary Thematic Focus 

 

Rank Primary Thematic Focus  Number of 

Studies (n) 

Percentage (%) 

1 Depression Risk Prediction & 

Classification 

19 27.5 

2 Explainable AI (XAI) and Model 

Interpretability 

14 20.3 

3 Teacher Burnout, Stress & Occupational 

Mental Health 

11 15.9 

4 Ensemble & Hybrid Machine Learning 

Models 

9 13 

5 Deployment in Resource-Constrained / 

LMIC Educational Settings 

6 8.7 
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6 Passive Sensing & Behavioral Data 

Approaches 

5 7.2 

7 Ethical, Fairness & Trust Issues in 

Mental Health AI 

3 4.3 

8 Federated / Privacy-Preserving & 

Emerging Techniques 

2 2.9 

Total 
 

69 100 

 

The 69 studies were thematically coded into eight focus areas (Table 2). Depression risk 

prediction and classification was the largest category (n = 19; 27.5%), followed by explainable 

AI and model interpretability (n = 14; 20.3%), reflecting growing concern for transparency in 

high-stakes decision-making. Teacher burnout/occupational mental health (n = 11; 15.9%) and 

ensemble/hybrid modelling (n = 9; 13.0%) followed, while deployment in resource-

constrained/LMIC settings (n = 6; 8.7%) highlighted a critical implementation gap. Remaining 

studies addressed passive sensing, ethics/fairness, and privacy-preserving techniques. 

Discussion of Results 

Factors used as predictive features in ML models for teacher depression prediction 

Twenty-one studies examined predictive features, revealing three dominant categories 

consistent with the Job Demands-Resources (JD-R) model, Diathesis-Stress Theory, and 

Cognitive Behavioural Theory: sociodemographic, occupational, and clinical/psychological 

factors. Sociodemographic features were most frequently included (18 of 21 studies), notably 

gender (female teachers at higher risk), age, marital status, race/ethnicity, and years of 

experience, with gender and marital status showing strong predictive power in multivariate and 

ML models (Addison & Yankyera, 2015; Kidger et al., 2016; Oberg et al., 2024). 

Occupational stressors dominated feature importance rankings in most models, including 

workload (class size, learner-to-teacher ratio, Grade 12 especially), administrative/support 

deficits, work schedule irregularities, emotional labour, school socioeconomic context, and 

pandemic-related disruptions; JD-R-derived variables such as leadership support and 

autonomy were particularly influential in ensemble and tree-based models. Clinical and 

psychological factors included prior psychiatric history (the strongest individual predictor in 

several studies, OR ≈ 3.46), self-efficacy, emotion regulation, coping strategies, and cognitive 

appraisal variables; Maslach Burnout Inventory subscales frequently served as proxies or co-

outcomes. Feature selection techniques (e.g., SHAP-based importance) confirmed workload 

pressure, institutional support gaps, financial stress, and prior mental health history as top 

contributors; multi-dimensional feature sets outperformed single-category models, though 

studies relied heavily on self-reported data with limited objective or longitudinal features. 

 

From the analysis, twenty-one studies were primarily assigned to theme 1 for their contribution 

to theoretical framework development, mapping, or critique; a further 48 studies engaged these 

frameworks instrumentally for empirical inquiry, model development, or deployment 

apportioned to the 2nd -4th themes). The frequency analysis confirmed the Job Demands-

Resources (JD-R) Model, Technology Acceptance Model (TAM)/UTAUT, and Conservation 

of Resources (COR) Theory as the three dominant frameworks.  
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ML algorithms and modelling strategies applied to predict teacher depression 

Eighteen studies were primarily allocated to theme 2, focusing on ML algorithms and 

modelling strategies used to predict teacher depression and related occupational outcomes, and 

their comparative effectiveness. These studies demonstrate a shift from traditional statistical 

methods toward advanced ensemble, deep learning, and causal inference approaches; 

supervised learning dominated, with ensemble and hybrid strategies preferred for handling 

noisy, imbalanced, multidimensional teacher mental health data (Baniadamdizaj & 

Baniadamdizaj, 2023; Nazari et al., 2021). 

Common algorithms included Logistic Regression (frequently used as baseline), tree-based 

models (Random Forest, Decision Trees), Support Vector Machines, and boosting methods 

(XGBoost, Gradient Boosting) (Alptekin et al., 2026; Breiman, 2001; Kostelić et al., 2024), 

with Neural Networks used more sparingly due to data scarcity in teacher populations (Ansari 

et al., 2023; Habib et al., 2022; Hasib et al., 2023). 

Reported performance metrics (via k-fold cross-validation or hold-out sets) typically ranged 

from 75–95% accuracy, 0.78–0.99 AUC/ROC, and 76–86% F1-score for the high-risk class, 

with balanced ensembles achieving strong recall for at-risk teachers (often >80%). Ensemble 

strategies also excelled at handling class imbalance (commonly via SMOTE or class 

weighting), producing more stable predictions than single models (Daza Vergaray et al., 2023; 

Shaha et al., 2024; Zainal et al., 2026), especially when theory-driven features (JD-R, 

Diathesis-Stress, CBT) were combined with computational ensembles (Agyapong et al., 2023; 

Kostelić et al., 2024; Oyebode et al., 2023). Key limitations included overfitting in smaller 

samples, limited external validation (fewer than 25% of studies), inconsistent calibration 

reporting, and scarce benchmarking against traditional models (Ke et al., 2019; Li et al., 2020; 

Nnadi et al., 2026). 

Addressing teacher depression prediction models through explainability, fairness, and 

transparency  

Fifteen studies addressed explainability, fairness, and transparency, reflecting growing 

recognition of ethical requirements in occupational health applications. Explainability 

techniques: SHAP was the most adopted method, followed by LIME (Ahmmed et al., 2025; 

Alharahsheh & Abdullah, 2016; Tran & Phan, 2019), consistently ranking workload, support 

deficits, self-efficacy, and prior mental health history as top contributors. Fairness and bias 

mitigation: subgroup analyses (by gender, race, school type) were reported in a minority of 

studies; performance disparities were noted, but explicit fairness metrics and mitigation 

strategies remained underdeveloped (Alptekin et al., 2026; Feher et al., 2024; Prokhorenkova 

et al., 2018), though transparency reporting followed emerging standards such as TRIPOD+AI 

in higher-quality studies (Agyapong et al., 2023; Daza Vergaray et al., 2023). While 

explainability is advancing, fairness and equity considerations lag, particularly for 

intersectional risks in diverse or LMIC teacher populations. Model cards or datasheets were 

rarely provided. 

Adaption or implementation of ML models for teacher depression prediction in resource-

constrained educational settings 

The literature emphasized federated learning, cost-effective algorithms, explainable techniques 

for low-resource environments, and LMIC case studies, with a clear underrepresentation of 

real-world LMIC/African contexts. Adaptations for low-resource settings included lightweight 

ensembles for edge/offline deployment, survey-based input features, and explainable outputs 

for non-technical users (Baniadamdizaj & Baniadamdizaj, 2023; Carroll et al., 2022; Sulak & 

Koklu, 2024), prioritizing computational efficiency and interpretability to support trust and 

adoption (Ajmal et al., 2024; D'Cruz et al., 2023). 
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Integration with existing teacher support policies, stakeholder co-design, hybrid human-AI 

workflows, and alignment with continental mental health strategies (Agyapong et al., 2023; 

Bete et al., 2022; Wallace, 2017). Policy alignment and ethical frameworks were highlighted 

as critical enablers. While ML shows strong technical promise for early teacher depression 

prediction, translation to practice, especially in under-resourced settings, remains nascent, 

underscoring urgent needs for external validation, fairness enhancements, and deployment-

focused research in LMICs. 

Research Gap 

Despite growing literature on ML for mental health prediction, significant gaps persist in 

applying these technologies to teacher populations in resource-constrained settings. Only about 

23% of the 69 included studies addressed LMICs, with Sub-Saharan Africa severely 

underrepresented despite high reported prevalence of teacher depression and burnout (e.g., 

Ethiopia, South Africa, Nigeria). Most models were developed and validated in high-resource 

environments (primarily the US and Europe), raising questions about generalizability to 

settings with limited infrastructure, unstable electricity, poor connectivity, and low digital 

literacy. Methodologically, although ensemble and hybrid approaches demonstrated superior 

performance in several studies, their application remains largely theoretical or confined to well-

resourced datasets, with few studies rigorously tested in real-world, low-resource educational 

environments; high-performing benchmark models often fail to account for noisy or culturally 

specific data typical of Sub-Saharan African schools.  While studies advanced XAI techniques 

such as SHAP and LIME, teacher-facing interpretability and fairness considerations in 

multicultural or multilingual LMIC contexts are virtually absent. Deployment challenges 

represent the most pronounced gap: federated learning, reinforcement learning for resource 

allocation, and cost-effective model selection show theoretical promise, yet empirical evidence 

from resource-constrained school settings is extremely limited, and practical barriers such as 

data privacy, ethical use of teacher data, and low-bandwidth infrastructure integration are rarely 

addressed. Dominant theoretical frameworks (JD-R, TAM/UTAUT, COR) are rarely tested in 

hybrid configurations within African educational ecosystems. Overall, the literature reveals a 

heavy reliance on high-income country data, student or clinical populations rather than 

practicing teachers, and technical performance over contextual deployment — gaps that 

undermine ML’s potential to support teacher mental health precisely where the need is greatest. 

Conclusion 

This systematic literature review synthesizes 69 peer-reviewed studies on the application of 

machine learning to teacher depression and occupational mental health. By examining 

theoretical frameworks (RQ1), algorithmic approaches (RQ2), explainability and fairness 

(RQ3), and deployment in resource-constrained settings (RQ4), it reveals both promising 

advancements and critical shortcomings in the current evidence base. Ensemble and hybrid ML 

methods consistently emerge as powerful tools for accurate depression risk prediction, while 

XAI techniques offer pathways toward trustworthy implementation. Some findings remain 

ambiguous: elevated depression risk among Black teachers did not consistently reach statistical 

significance, and reported model performance varied widely (accuracy 75-95%) depending on 

sample size, feature set, and validation approach, limiting comparability across studies. The 

literature also remains heavily skewed toward high-resource contexts, with insufficient 

attention to teachers in Sub-Saharan Africa and other LMICs — a scholarly and practical gap 

given how directly teacher mental health influences student outcomes and education system 

sustainability. This review underscores machine learning's potential — particularly when 

grounded in hybrid JD-R and TAM frameworks and robust ensemble methods — to enable 

early, scalable, equitable interventions, provided this is matched by deliberate investment in 

LMIC-led research, culturally responsive datasets, privacy-preserving architectures, and 
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teacher-centered explainable systems. Ultimately, protecting teacher mental health is 

fundamental to quality education for all; addressing the gaps identified here can help the field 

move beyond technical innovation toward responsible, inclusive implementation that serves 

educators in the most challenging conditions. 

Future Research Agenda 

Future research must prioritize context-sensitive, equity-oriented development of ML systems 

for teacher mental health in resource-constrained environments. First, there is an urgent need 

for large-scale, teacher-specific datasets from Sub-Saharan Africa and other LMICs, combining 

survey data, passive sensing, and administrative records to train ensemble models robust to 

missing values and cultural nuances. Ensemble methods should be systematically compared 

against single algorithms in low-resource settings to establish their real-world superiority. 

Second, hybrid theoretical frameworks integrating Job Demands-Resources (JD-R) with the 

Technology Acceptance Model (TAM/UTAUT) should be empirically tested and culturally 

adapted for African contexts, illuminating how ML-based early warning tools function as job 

resources that buffer occupational demands. Third, advancing explainable and fair AI remains 

critical: future studies should develop teacher-facing XAI dashboards with actionable, 

multilingual explanations, and fairness audits across gender, rural-urban divides, and 

socioeconomic status should become standard practice in diverse LMIC settings. 

Finally, rigorous implementation science research is needed, including pilot studies of 

federated learning systems that preserve teacher privacy, reinforcement learning for resource 

allocation in low-connectivity schools, and cost-effective deployment frameworks suitable for 

tablet- or feature-phone-based delivery; multi-country comparative studies involving Kenya, 

Nigeria, and South Africa would strengthen the evidence base. 

Collaborative partnerships between African researchers, ministries of education, and 

international EdTech developers are essential to co-create technically sound, culturally 

relevant, and sustainably deployable solutions, transforming ML from a high-income country 

luxury into a scalable tool for protecting teacher well-being and educational quality across the 

Global South. 
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Appendix A: Boolean Terms Used 

 

1. ProQuest 

("teacher depression" OR "educator mental health" OR "teacher burnout") AND ("machine 

learning" OR "ensemble learning" OR "XGBoost" OR "random forest") AND ("depression 

prediction" OR "explainable AI" OR "SHAP" OR "PHQ-9") 

2. Wiley Online Library 

("teacher depression" OR "teacher mental health") AND ("machine learning" OR "predictive 

model*" OR "ensemble") AND ("depression prediction" OR "XAI" OR "SHAP") 

3. IEEE Xplore 

("teacher depression" OR "educator depression" OR "teacher mental health") AND ("machine 

learning" OR "ensemble learning" OR "XGBoost" OR "gradient boosting") AND 

("depression prediction" OR "explainable AI" OR "SHAP") 

4. ACM Digital Library 

("teacher depression" OR "educator mental health") AND ("machine learning" OR 

"ensemble" OR "predictive model") AND ("depression" OR "explainable AI" OR "SHAP" 

OR "LIME") 

5. SpringerLink 

("teacher depression" OR "educator mental health") AND ("machine learning" OR "ensemble 

learning") AND ("prediction" OR "explainable AI" OR "SHAP") 

6. ScienceDirect 
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("teacher depression" OR "teacher burnout" OR "educator mental health") AND ("machine 

learning" OR "ensemble learning" OR "predictive modeling") AND ("depression prediction" 

OR "XAI" OR "SHAP") 

7. ERIC 

("teacher depression" OR "teacher mental health" OR "teacher burnout") AND ("machine 

learning" OR "predictive modeling" OR "ensemble learning") AND ("depression prediction" 

OR "early detection" OR "explainable AI") 

8. Taylor & Francis Online 

("teacher depression" OR "educator mental health") AND ("machine learning" OR "ensemble 

learning") AND ("depression prediction" OR "explainable AI" OR "SHAP") 

 


