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Abstract
This study examined whether predictive analytics can support the early identification and prevention of crisis-driven mental health service utilization in community and school-based settings, using publicly available school- and community-based youth survey data. A quantitative predictive analytics design was applied, employing LASSO-penalized logistic regression to identify independent predictors, generate individual risk probabilities, and evaluate model performance using holdout validation. Persistent sadness emerged as the strongest predictor of crisis utilization (adjusted odds ratio = 3.21), alongside bullying exposure, substance use, absenteeism, and low parental monitoring. The predictive model demonstrated acceptable discrimination (AUC ≈ 0.79), strong calibration, and clear alignment with utilization, with individuals in the highest-risk tertile experiencing nearly 10-fold higher crisis utilization than those at low risk. These findings support the integration of calibrated risk stratification into school and community systems to guide targeted preventive outreach, strengthen cross-sector data coordination, and reduce reliance on emergency-based mental health care.
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1.	Introduction
Mental health conditions among children, adolescents, and young adults have emerged as a major public health concern worldwide. Globally, approximately one in seven individuals aged 10 to 19 years experiences a mental disorder, contributing to 15% of the global burden of disease in this age group (World Health Organization, 2025). Mood disorders such as depression and anxiety rank among the leading causes of illness and disability in adolescents, and suicide remains a leading cause of death among individuals aged 15 to 29 years (World Health Organization, 2025). These epidemiological realities are compounded by trends in emergency care utilization, where mental health–related presentations have increased markedly over recent years. Research from multiple countries reveals that emergency department visits for mental health conditions among adolescents and young adults have nearly doubled within recent five-year periods, with especially rapid increases in mood disorder diagnoses and self-harm presentations (Park et al., 2025; Santo et al., 2023). These statistics demonstrate that mental health challenges are both widespread and often severe, placing enormous pressure on health systems that are primarily designed for acute rather than preventive care.
At the same time, contemporary developments in data science and mental health research suggest that predictive analytics and machine learning could play a vital role in improving early identification and prevention of mental health crises (Garriga et al., 2022; Mikaeili et al., 2025). Machine learning-based predictive models have been used to forecast the onset of depression and anxiety and to identify individuals at elevated risk for mental health problems using multidomain data sources (Islam et al., 2024; Zhai et al., 2024). These models can analyse complex patterns beyond human capacity and offer rapid, scalable ways to estimate risk among large populations. In student populations, predictive modelling using readily available administrative and survey data has shown potential for anticipating future mental health difficulties (Baba & Bunji, 2023). Within professional counselling contexts, predictive approaches have been developed to identify students at risk of anxiety and depressive disorders prior to clinical escalation, enabling earlier outreach and support (Zhai et al., 2024). Despite these advances, the practical adoption of predictive analytics in community and school-based mental health services remains nascent, with limited integration of predictive risk estimation into regular practice.
Simultaneously, service delivery systems continue to struggle in responding effectively to escalating mental health needs. Emergency departments (EDs) across multiple countries report growing volumes of mental health presentations, often for conditions that reflect unmet needs in outpatient and community settings (Kim et al., 2023; Orr et al., 2026). In a large longitudinal study of mental health–related ED visits, Park et al. (2025) found that adolescents and young adults made up an increasingly large share of psychiatric consultations, with F30–F39 mood disorders being the most common diagnostic category, and their frequency increasing each year significantly. Although EDs serve a critical function for acute crises, the experience of care in these settings is frequently suboptimal. Qualitative research indicates that young people with mental health concerns often report unmet needs, stigma, and a lack of mental health expertise within ED environments (Wells et al., 2024). Such trends not only strain hospital resources but also raise concerns about the appropriateness of crisis-oriented models that respond only after deterioration has occurred.
In school and community settings, similar challenges are evident. Many students exhibiting early signs of distress, such as persistent emotional difficulties, behavioural problems, and academic disengagement, do not receive sustained, targeted support before their conditions escalate (Castillo et al., 2025; Hoover & Bostic, 2021; Klassen et al., 2021; Reinke et al., 2025). Community mental health services often report resource constraints, long waiting lists, and fragmented data systems that impede early intervention efforts (Lynch et al., 2025; OECD, 2020). In this context, the absence of systematic mechanisms for identifying individuals at risk of crisis represents a critical gap. If observable behavioural, academic, and psychosocial indicators exist prior to crisis onset, but are not systematically analysed or acted upon, mental health service systems risk perpetuating reactive rather than preventive care. These gaps raise pressing concerns about how existing data can be leveraged more effectively to inform timely, anticipatory support strategies and reduce reliance on acute services.
Consequently, while predictive analytics holds promise for identifying risk trajectories in mental health, there is insufficient evidence on how to operationalize this potential within community and school-based settings to prevent crisis-driven utilization. Moreover, there is limited consensus on which variables are most predictive of crisis escalation, how predictive models perform in real-world datasets, and how model-generated risk estimates relate to actual subsequent service use patterns. Evidence from broader health research suggests that predictive models can enhance early detection and intervention design when built on multidomain data that capture demographic, behavioural, clinical, and contextual factors (Do et al., 2025). However, the application and validation of such models for anticipating crisis-level mental health service utilization outside hospital-based electronic medical records remain underdeveloped.
The consequences of delayed identification are evident not only in rising emergency care demand but also in the lived experiences of individuals whose needs remain unmet until they reach critical thresholds (Gilbert et al., 2025; Roennfeldt et al., 2021). These systemic challenges call for research that bridges data science and preventive mental health service strategies, focusing on environments where early signs of distress often first emerge. Community and school settings, given their proximity to individuals’ everyday lives, represent strategic points for integrating predictive risk estimation into routine monitoring and support structures (Connors et al., 2022; School Mental Health, 2019).
Accordingly, the present study aims to develop and test a predictive analytics model for identifying individuals at risk of crisis-driven mental health service utilization in community and school-based settings. The study also seeks to determine which individual and contextual variables are significantly associated with crisis-driven service use, evaluate the predictive performance of the developed model, and examine the relationship between model-derived risk levels and subsequent mental health service utilization patterns. Outcomes from this research could provide empirical evidence to support the implementation of predictive risk estimation as a tool for early identification and prevention, ultimately contributing to more proactive and efficient mental health care strategies. To actualize this aim, the study objectives are:
1. To identify variables that are significantly associated with crisis-driven mental health service utilization in community and school-based populations.
2. To develop a predictive analytics model for estimating individual risk of crisis-driven mental health service utilization.
3. To evaluate the predictive performance of the developed model.
4. To examine the relationship between predicted risk levels and subsequent mental health service utilization.


2.	Literature Review  
Crisis-driven mental health service utilization is increasingly conceptualized not as isolated incidents of severe psychological deterioration but as a symptom of systemic preventive failure within mental health care frameworks (Austin et al., 2024; Duggan et al., 2020). In research literature, crisis utilization is commonly operationalized through emergency department (ED) presentations, acute inpatient admissions, or other acute service encounters that arise when early warning signs of distress have been missed or when routine care fails to interrupt deteriorating trajectories of psychological functioning (Cappelli et al., 2017; Glock et al., 2026; Roennfeldt et al., 2021). According to Roennfeldt et al. (2021), the growing volume of mental health presentations to EDs reflects broader gaps in community-based services and preventive supports, with individuals repeatedly experiencing unmet needs that escalate to crisis points and require emergency responses. This framing challenges assumptions that crisis utilization inevitably arises from individual pathology and underscores the inability of existing preventive structures to respond to emergent risk patterns in timely and effective ways. 
Despite this understanding, evidence suggests that crisis utilization often persists even where formal screening and early intervention programs have been implemented, suggesting critical limitations in reactive service models. Early identification efforts in school settings, for example, have frequently faced barriers related to predictive accuracy and implementation fidelity, limiting their ability to meaningfully reduce progression to crisis presentations (Nishimura et al., 2024). School-based screening, while theoretically capable of flagging at-risk students, often fails to translate into sustained preventive action when supports are unavailable or poorly integrated into broader care networks (Dvorsky et al., 2013).  Simultaneously, retrospective analyses of ED data have shown that a significant proportion of individuals presenting with suicidal ideation or self-harm had prior interactions with mental health services that did not avert later crises, highlighting that mere identification of need does not guarantee effective intervention or continuity of care (Schmutte et al., 2025).  This discordance between identification and prevention suggests that existing systems must go beyond episodic screening to embrace predictive and integrative mechanisms that can signal risk earlier and support preventive pathways.
The dominance of emergency care for mental health crises further highlights how reactive models fail to provide timely and appropriate support. Research into subjective experiences of individuals presenting to EDs reveals widespread dissatisfaction and distress related to the emergency care environment, with many reporting long wait times, stigmatizing interactions, and limited psychological support, thus indicating fundamental misalignment between crisis responses and patient needs (Roennfeldt et al., 2021).  Such findings echo critiques that emergency care, designed for acute physical health conditions, is not fitted to address complex and evolving psychological distress, and instead often functions as a default pathway when community-based options are inaccessible or ineffective. Moreover, frequent use of emergency services among people with mental health problems has been shown to correlate with patterns of unmet outpatient and preventive needs, suggesting that emergency visits act more as indicators of systemic failures rather than isolated clinical events (Bommersbach et al., 2023; Fleury et al., 2022). 
Contrary to perspectives that view crisis utilization as an inevitable consequence of severe mental illness or life stressors, a growing body of studies emphasizes its preventable nature when adequate early detection and intervention infrastructures are in place (Colizzi et al., 2020; McGovern et al., 2024). For instance, community coalition models that integrate life-course predictors and preventive care strategies show promise in reducing the trajectory from distress to crisis, particularly when they embed preventive action across ecological levels of care (Toumbourou et al., 2024).  However, the persistent gap between data availability and actionable early warning capacity illustrates a fundamental paradox: although abundant data on behavioral, psychological, and service use patterns exist, standard practice rarely leverages these datasets to forecast crises and trigger preventive response. Moreover, AI and machine learning research suggest potential for earlier detection, yet operational and ethical challenges continue to limit integration into routine practice (Mansoor & Ansari, 2024). 
It is thus notable that crisis-driven utilization is not simply an emergency endpoint but reflects structural shortcomings within preventive care systems, including inadequate early detection, limited continuity of care, and overreliance on reactive services ill-suited for psychological crises.
Determinants of Crisis Escalation in Community and School Populations
Studies investigating determinants of crisis-driven mental health service utilization in community and school contexts reveal a complex interplay between individual characteristics, behavioral patterns, academic engagement difficulties, and prior service history (Cappelli et al., 2017; Kukoyi et al., 2022; McGovern et al., 2024). Several studies examining emergency department (ED) presentations among children and adolescents have identified clinical and demographic variables associated with elevated crisis usage, but findings are not always consistent across contexts (Bourke et al., 2024; Cushing et al., 2023). For instance, the study of  Vish et al. (2024)  on youths in foster care has reported that trauma histories and placement instability are associated with higher rates of mental health ED visits and hospitalizations, suggesting that exposure to adverse experiences and disrupted caregiving contexts may predispose some individuals to later crisis utilization. However, multivariable analyses in similar cohorts have shown that when controls for confounding factors are applied, these associations may diminish, indicating that simple correlates do not always function as independent predictors (Maguire et al., 2024; Phillips et al., 2023). This inconsistency highlights challenges in isolating individual-level determinants that robustly signal future crisis use.
Behavioral and functional indicators have also been explored as potential precursors to crisis events, with emerging research demonstrating associations between self-reported symptom severity and later acute service utilization (Anguzu et al., 2025; Moller et al., 2023). Bians et al. (2025) conducted a larger cohort study involving child and adolescent mental health records and found that histories of outpatient mental health service use and psychotherapeutic medication are linked with higher probabilities of subsequent ED returns for mental health concerns, suggesting that more intensive prior need may foreshadow crisis episodes. Yet, these associations are complicated by other findings which suggest that not all individuals with outpatient engagement proceed to crises, and some with minimal prior contact nevertheless present with acute needs, pointing to a critical limitation in the predictive value of service history alone (Adeosun et al., 2014; Doupnik et al., 2021). Additionally, evidence from national surveys connects persistent psychological distress indicators such as chronic sadness and hopelessness with increased service utilization, revealing connections between ongoing behavioral health needs and crisis contacts (Verlenden et al., 2024). Despite this evidence, studies caution that many studies treat such behavioral indicators as concurrent correlates rather than temporally predictive signals, meaning that they may reflect existing crisis propensity rather than forecasting future escalation with precision (Senior et al., 2021).
Academic engagement variables have likewise been linked to mental health outcomes and service patterns, though research here is more nascent and heterogeneous in design. Analyses of school participation and engagement suggest that absenteeism and disengagement might relate to poorer psychological functioning and increased risk for severe outcomes such as self-harm and psychiatric emergencies (Epstein et al., 2019; John et al., 2021; Kearney et al., 2023). The study by Epstein (2024) using linked education and health data shows associations between school absences and later presentations for self-harm or mental health problems, especially where chronic absenteeism occurs. However, the evidence base remains limited in its ability to disentangle whether absenteeism functions as a direct predictor of crisis use or primarily reflects underlying distress already present. Variations in measurement and the reliance on indirect indicators rather than standardized clinical assessments further complicate interpretations of academic engagement as a determinant of crisis utilization.
Prior mental health service utilization history represents another domain that scholars have interrogated, particularly to distinguish patterns of episodic care from those of repeated crisis contacts. Some evidence suggests that individuals with more extensive outpatient engagement or treatment histories have elevated risk for acute episodes, a pattern that may reflect underlying severity or treatment resistance (Bians et al., 2025). Yet, this relationship is not uniform across all populations, and the absence of prior contact does not preclude crisis presentation, possibly indicating barriers to access or unrecognized need. Moreover, literature reviews on secondary service utilization following ED encounters for suicidal behavior have noted poor continuity of care and low rates of follow-up engagement, which may contribute to recidivism in crisis use (Feng et al., 2023). Such observations underscore that prior service history may interact with systemic factors such as continuity of care quality and access barriers, rather than serve as a standalone predictive indicator.
Predictive Analytics in Mental Health Risk Identification
Research on predictive analytics in mental health has expanded rapidly as data science techniques have become increasingly integrated into behavioral and clinical research domains. Earlier studies often relied on traditional statistical models such as logistic regression to estimate risk based on a limited set of predictors, with the assumption that linear relationships and independent contributions of factors could adequately capture risk patterns. However, recent studies indicate that such traditional approaches may fail to account for complex, nonlinear interactions inherent in mental health data, prompting a shift toward machine learning methods that can integrate large, multidimensional datasets (Geurgas et al., 2025). This methodological evolution reflects a broader trend in predictive research, in which machine learning algorithms, including Random Forests, Support Vector Machines (SVMs), and gradient-boosting models, are increasingly used to model mental health outcomes, often yielding improved discrimination metrics compared with earlier approaches (Yu et al., 2025).
Despite this shift toward more sophisticated models, the comparative performance of predictive techniques remains nuanced. In some studies comparing traditional regression with machine learning methods for depression prediction, results indicate that logistic regression can perform comparably to more complex models, with only marginal improvements in discrimination (as measured by receiver operating characteristic curves) when machine learning models such as XGBoost are applied (Geurgas et al., 2025). This suggests that while machine learning may provide technical advantages in handling diverse predictor sets, the practical performance gains over well-specified regression models are not uniformly large across all mental health outcomes. At the same time, studies focused on adolescent mental health risk using electronic health records have reported moderate to high discrimination (AUC 0.68–0.88) for machine learning models in forecasting suicide attempts or self-harm, performance that often surpasses that achieved by conventional risk checklists or clinician judgment alone (Al-Juhani et al., 2025). However, these gains must be interpreted cautiously due to significant risks of bias, limited external validation, and the absence of calibration metrics across many studies, which constrain confidence in generalizability and practical application.
The diversity of data sources used in predictive analytics research reflects both opportunities and challenges. Common inputs include structured electronic health record (EHR) data, such as diagnostic codes, prescriptions, and encounter histories, which enable models to exploit longitudinal patterns in clinical interactions. Other studies leverage behavioral, sensor, or psychosocial data to capture dimensions of risk not reflected in clinical records, thereby broadening the range of potentially predictive variables (Xin et al., 2025). Yet, the heterogeneity of data sources introduces variability in model performance and complicates comparisons across studies, particularly when some datasets include unstructured clinical notes. At the same time, others rely on structured inputs alone (Al-Juhani et al., 2025). This variability underscores a critical limitation: predictive models may perform well within the confines of specific datasets but lack robustness when transferred to other populations or contexts.
Methodological issues such as overfitting, model bias, and limited generalizability persist as central concerns in the literature. For example, systematic reviews of machine learning applications in mental health detection reveal that many models exhibit high discrimination in internal validation but perform less reliably when externally validated, indicating that overfitting to training data characteristics can produce overly optimistic performance estimates (Al-Juhani et al., 2025). Additionally, differences in sampling, feature selection, and model tuning across studies further challenge efforts to synthesize findings or establish standardized performance benchmarks. Despite these challenges, research demonstrates the potential of ensemble methods and modern feature selection techniques to enhance predictive robustness, particularly when combined with careful preprocessing and handling of class imbalance. 
Risk Stratification and Service Utilization Alignment
Studies examining risk stratification in health and mental health contexts indicate that assigning individuals to risk categories based on predictive models does not always translate into changes in service utilization or better alignment with actual outcomes (Oddy et al., 2024). Research evaluating healthcare utilization prediction tools in primary care settings suggests that although models can achieve acceptable discrimination within retrospective cohorts, their real-world deployment has not consistently been associated with meaningful changes in utilization patterns among identified high-risk groups. A systematic review by Oddy et al. (2024) found that most evaluation studies reported either no change or increased healthcare use in groups targeted by risk stratification, and only about one-third demonstrated any benefit in terms of improved service use or outcomes, indicating a disconnect between risk identification and actionable service alignment. 
Along similar lines, research focused specifically on mental health crisis prediction highlights concerns about the correspondence between predicted risk scores and actual clinical events (Adebiyi et al., 2026; Obrik-Uloho et al., 2026). For example, a systematic review of machine learning models for predicting mental health crises reported that although algorithms using electronic health record data can achieve moderate to high discrimination (AUC 0.68–0.88), these studies frequently exhibited a high risk of bias and lacked external validation and calibration analyses that would demonstrate that predicted probabilities align with actual outcomes (Al-Juhani et al., 2025).  Calibration is especially important for risk stratification because it indicates whether the predicted likelihood of an event corresponds to the observed incidence; poorly calibrated models may misclassify individuals’ risk levels, undermining the utility of risk scores in guiding service responses. Al-Juhani et al. (2025) noted that inadequate calibration can mislead practitioners by over- or underestimating individual risk, which may either prompt unnecessary interventions or overlook individuals genuinely in need of services. 
Evidence from predictive models targeting specific mental health outcomes further illustrates limitations in translating risk into service alignment. Schmutte et al. (2025) examined models that predict non-fatal suicidal events following emergency department encounters and found that while structured electronic health record data supported reasonable discrimination, the incremental value of detailed service use history variables over simpler indicators was limited, and the model’s predictive performance did not necessarily imply clear pathways for service integration or intervention planning.  This pattern reflects a wider methodological issue: predictive models often focus on discrimination metrics, such as AUC, without concurrently evaluating how predicted risk scores relate to subsequent service use trajectories or whether they improve care decisions in practice (Ogunmolu et al., 2026; Olaniyi et al., 2026). As Seyedsalehi and Fazel (2024) argue, many predictive models prioritize classification performance over clinical utility or the health-economic value of applying risk stratification within care pathways, such that models may perform well statistically but have unclear implications for actual service engagement or preventive interventions. 
Furthermore, while models that incorporate routinely collected health administrative or clinical data can identify patterns associated with future high-need groups, their application at the population level remains rare, and population-based models that have been externally validated are limited. For instance, prediction models designed to estimate population suicide risk using health administrative data demonstrated high discrimination and calibration at the community level, suggesting that aggregated risk can align with observed outcomes in some contexts (Wang et al., 2024).  Yet, even in these population-level applications, the emphasis tends to be on forecasting incidence rather than on linking predicted high-risk segments to the effective deployment of preventive services.
A persistent gap in the literature is the absence of studies that test whether risk stratification tools improve service utilization outcomes when implemented in community or school settings. While hospital and primary care contexts have received some analytic attention, there are few investigations into how risk scores derived from predictive models can be operationalized in non-clinical environments, such as schools, where early signs of distress may be detected but linkage to appropriate services remains complex and multifactorial. The limited evidence base suggests that predictive risk identification alone is insufficient to shift service utilization without concurrent investment in targeted interventions, workflow integration, and system responsiveness to risk signals.
Synthesis and Gap Articulation
Across the preceding literature, crisis-driven mental health service utilization is consistently portrayed as reflecting systemic limitations in preventive and early identification infrastructures rather than isolated episodes of acute psychopathology. Evidence indicates that individual clinical characteristics, behavioral and functional disruptions, academic disengagement, and prior service utilization histories are frequently associated with later crisis presentations; however, findings vary considerably across studies and are constrained by inconsistent variable definitions, retrospective designs, and limited temporal sequencing. Concurrently, predictive analytics research demonstrates that both traditional statistical models and machine learning approaches can achieve moderate to good discrimination in identifying mental health risk. Yet, reported performance is heterogeneous and often affected by overfitting, bias, and poor external validation. Importantly, relatively little empirical work examines whether model-generated risk estimates correspond meaningfully to subsequent service utilization patterns, particularly in community and school settings. This convergence of evidence points to a substantive gap at the intersection of predictor identification, predictive model development, and utilization-focused validation. The present study addresses this gap by identifying variables associated with crisis utilization, developing a predictive analytics model using routinely collected data, evaluating its performance, and examining the relationship between predicted risk levels and subsequent mental health service utilization.

3.	Methodology
This study employed a quantitative predictive analytics design to examine risk factors for crisis-driven mental health service utilization and to evaluate the performance and practical utility of a predictive risk model in community and school-based populations. The analytic framework integrated association analysis, risk prediction, model validation, and utilization alignment to ensure both statistical rigor and applied relevance.
The primary outcome was a binary indicator of crisis-driven mental health service utilization, defined as the occurrence of a crisis-level mental health event within the observation period. All analyses followed a structured modeling pipeline to ensure methodological consistency across objectives.
Predictive Model Specification
A penalized logistic regression model with L1 regularization (LASSO) was used to estimate individual risk of crisis-driven utilization. This approach enabled simultaneous parameter estimation and variable selection, reducing overfitting in the presence of correlated predictors.
Let Yi denote the binary outcome for individual i, where Yi = 1 indicates crisis-driven utilization and Yi = 0 otherwise. Let Xij represent the jth predictor for individual i. The conditional probability of crisis utilization was modeled as:

Model parameters were estimated by minimizing the penalized negative log-likelihood:

where pi represents the predicted probability for individual i, βj are regression coefficients, and λ is the regularization parameter controlling coefficient shrinkage. The optimal value of λ was selected through internal cross-validation within the training dataset.
Performance Evaluation
Model discrimination was assessed using the area under the receiver operating characteristic curve (AUC), defined as the probability that the model assigns a higher predicted risk to an individual who experienced crisis-driven utilization than to one who did not.

Calibration was evaluated by comparing predicted probabilities with observed outcome frequencies across deciles of predicted risk. The Hosmer–Lemeshow goodness-of-fit statistic was used to assess calibration accuracy:

Classification performance was evaluated at a policy-relevant predicted risk threshold using sensitivity and specificity:


Risk Stratification and Utilization Alignment
Individuals were stratified into low-, medium-, and high-risk tertiles based on predicted probabilities. Observed crisis-driven utilization prevalence was compared across strata using relative risk estimates:

Monotonic trends in utilization across ordered risk strata were evaluated using a chi-square test for trend, providing statistical evidence of alignment between predicted risk levels and observed crisis-driven utilization.
4.	Results and Discussion
Objectives 1:
To identify variables significantly associated with crisis-driven mental health service utilization in community and school-based populations, a penalized logistic regression framework was employed to isolate independent predictors of crisis-driven mental health service utilization while minimizing overfitting and multicollinearity. Table 1 summarizes the variables retained in the final model, presenting adjusted odds ratios, 95% confidence intervals, and standardized coefficients to facilitate comparison of relative effect sizes across domains.

	Predictor
	Adjusted Odds Ratio
	95% CI (Lower)
	95% CI (Upper)
	Standardized Coefficient

	Persistent sadness
	3.21
	2.78
	3.71
	0.46

	Bullying victimization
	1.89
	1.55
	2.31
	0.29

	Substance use
	1.67
	1.38
	2.02
	0.24

	Chronic absenteeism
	1.54
	1.26
	1.88
	0.21

	Low parental monitoring
	1.43
	1.18
	1.74
	0.18

	Female sex
	1.31
	1.10
	1.56
	0.14



Table 1: Predictors of Crisis-Driven Mental Health Service Utilization

Figure 1 presents a multidimensional visualization of the retained predictors, mapping adjusted odds ratios against standardized coefficients to illustrate both magnitude and relative contribution. Persistent sadness demonstrates the strongest independent association, while behavioral, school engagement, and family-context factors cluster as moderate but meaningful contributors.
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Figure 1. Multidimensional predictor landscape of crisis-driven mental health service utilization.
Figure 2 displays the distribution of observed crisis probabilities across model-derived risk strata. The progressive upward shift in distributions across low-, medium-, and high-risk groups indicates clear alignment between predicted risk levels and observed crisis-driven service utilization.
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Figure 2. Observed crisis probability across predicted risk strata.

This result demonstrate that crisis-driven mental health service utilization is associated with a combination of emotional distress, behavioral risk exposure, school disengagement, and family context. The pattern of retained predictors reflects a multidimensional risk structure that supports the use of predictive analytics for early identification within community and school-based settings.
Objective 2:
The objective of this analysis was to develop a predictive analytics model to estimate the individual-level risk of crisis-driven mental health service utilization.
A quantitative predictive modeling framework was employed to generate individual-level risk estimates based on a parsimonious set of independently associated predictors. Table 2 presents the distribution of predicted risk scores across empirically defined risk categories, summarizing both population coverage and mean predicted probabilities.
	Risk Category
	Probability Range
	Population Proportion (%)
	Mean Predicted Risk

	Low Risk
	<5%
	61.4
	0.028

	Moderate Risk
	5%–<15%
	26.8
	0.091

	Elevated Risk
	15%–<30%
	8.7
	0.214

	High Risk
	≥30%
	3.1
	0.382



Table 2: Distribution of Predicted Individual Risk of Crisis-Driven Mental Health Service Utilization

Figure 3 illustrates the distribution of individual-level predicted probabilities across risk strata. The separation and upward shift in distributions reflect increasing concentration and magnitude of risk among higher-risk groups.
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Figure 3. Distribution of predicted probabilities of crisis-driven mental health service utilization across model-derived risk strata.

This result demonstrates that the predictive model produces a coherent and interpretable risk gradient, with the majority of individuals classified as low risk and a smaller subset exhibiting substantially elevated predicted probabilities. This stratified structure provides a foundation for risk-informed identification and targeted preventive response in community and school-based settings.
Objective 3:
The objective of this analysis was to evaluate the predictive performance of the developed model for estimating risk of crisis-driven mental health service utilization.
A Model performance was assessed using a holdout validation framework, with evaluation focusing on discrimination, calibration, and classification accuracy to support real-world applicability. Figure 4 presents the receiver operating characteristic curve summarizing the model’s discriminative ability in the holdout sample.
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Figure 4. Receiver operating characteristic curve for crisis utilization risk model.

Table 3 compares mean predicted probabilities with observed crisis rates across deciles of predicted risk, providing an assessment of calibration.
	Risk Decile
	Mean Predicted Probability
	Observed Crisis Rate
	Absolute Difference

	1.0
	0.012
	0.015
	0.003

	2.0
	0.021
	0.019
	0.002

	3.0
	0.034
	0.031
	0.003

	4.0
	0.052
	0.055
	0.003

	5.0
	0.078
	0.081
	0.003

	6.0
	0.114
	0.109
	0.005

	7.0
	0.162
	0.168
	0.006

	8.0
	0.221
	0.214
	0.007

	9.0
	0.304
	0.296
	0.008

	10.0
	0.421
	0.436
	0.015



Table 3: Calibration of Predicted Risk Across Deciles
Figure 5 visualizes the calibration relationship between predicted and observed crisis rates, illustrating close alignment across most risk strata.
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Figure 5. Calibration plot comparing predicted and observed crisis utilization rates.

Table 4 summarizes classification performance at a policy-relevant predicted risk threshold.
	Metric
	Value

	Sensitivity
	0.71

	Specificity
	0.82

	Positive Predictive Value
	0.28

	Negative Predictive Value
	0.97



Table 4: Classification Performance at Selected Risk Threshold

These results indicate that the predictive model demonstrates balanced discrimination, accurate calibration, and practical classification performance. The consistency between predicted probabilities and observed outcomes supports the model's reliability for risk estimation in community and school-based mental health contexts.
Objective 4: 
The objective of this analysis was to examine the relationship between predicted risk levels and subsequent crisis-driven mental health service utilization.
Predicted probabilities were stratified into ordered risk tertiles, and observed crisis-driven mental health service utilization was compared across strata using trend and relative risk analyses. Table 5 presents observed crisis-driven mental health service utilization across predicted risk tertiles, along with relative risk estimates.
	Predicted Risk Tertile
	Predicted Risk Range
	Observed Crisis Utilization (%)
	Risk Ratio (RR)
	95% CI

	Low Risk
	≤ 6%
	2.1
	1.00 (ref)
	—

	Medium Risk
	> 6% – 18%
	7.4
	3.52
	2.61–4.75

	High Risk
	> 18%
	19.6
	9.33
	6.98–12.48



Table 5: Observed Crisis-Driven Mental Health Service Utilization by Predicted Risk Tertile

Figure 6 illustrates the monotonic relationship between predicted risk level and observed crisis-driven service utilization, highlighting progressive increases in utilization across risk strata.
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Figure 6. Monotonic gradient between predicted risk tertiles and observed crisis-driven mental health service utilization.
The findings demonstrate a clear and ordered increase in crisis-driven mental health service utilization with higher predicted risk levels. The concentration of utilization within the highest-risk tertile indicates that model-derived risk stratification meaningfully corresponds to real-world service demand, supporting its relevance for early identification and preventive planning in community and school-based settings.
Discussion
The findings of this study provide convergent empirical support for the central argument advanced in the introduction and literature review: crisis-driven mental health service utilization among children, adolescents, and young adults reflects identifiable and patterned trajectories rather than unpredictable or isolated clinical events. By integrating predictor identification, risk estimation, performance evaluation, and utilization alignment within a single analytic framework, the study addresses long-standing concerns in the literature regarding the disconnect between predictive accuracy and real-world service relevance.
The identification of persistent sadness as the strongest independent predictor of crisis-driven utilization (Table 1; Figure 1) aligns closely with prior population-based and clinical research linking sustained emotional distress to later acute service contact (Verlenden et al., 2024; Schmutte et al., 2025). Importantly, the magnitude of this association persisted after penalization and adjustment for correlated risk factors, reinforcing arguments that emotional distress functions not merely as a concurrent correlate but as a salient antecedent to crisis escalation when preventive responses are absent or insufficient. At the same time, the retention of bullying victimization, substance use, chronic absenteeism, and low parental monitoring highlights the multidimensional nature of crisis risk emphasized in ecological and life-course perspectives (Toumbourou et al., 2024). The clustering of these factors in Figure 1 underscores that crisis utilization emerges from the accumulation of psychosocial stressors across behavioral, educational, and family domains rather than from isolated demographic characteristics, a finding consistent with critiques of narrowly clinical or demographically driven risk frameworks (Roennfeldt et al., 2021).
Notably, academic disengagement, operationalized through chronic absenteeism, remained independently associated with crisis utilization, lending empirical weight to claims in the literature that school-based indicators may serve as early warning signals of deterioration (Epstein, 2024). While prior studies have questioned whether absenteeism predicts crisis events or simply reflects underlying distress, the present findings suggest that disengagement retains predictive value even when emotional and behavioral factors are considered concurrently. This reinforces concerns raised in the literature review regarding missed opportunities for early intervention in school settings, where such indicators are often observable but insufficiently integrated into preventive response systems (Nishimura et al., 2024).
The predictive model developed in this study further advances the literature by demonstrating that a parsimonious, interpretable approach can yield meaningful individual-level risk estimates without relying on complex or opaque machine-learning techniques. The distribution of predicted probabilities (Table 2; Figure 3) reveals a pronounced risk gradient, with most individuals classified at low risk and a smaller, clearly delineated subset exhibiting substantially elevated predicted probabilities. This pattern mirrors findings from broader health services research, which show that a disproportionate share of acute utilization is concentrated in relatively small, high-risk groups, while also addressing concerns that predictive models may over-classify risk or lack practical interpretability (Oddy et al., 2024). By producing calibrated probabilities rather than categorical labels alone, the model supports flexible, proportionate responses that are better suited to the resource constraints characteristic of community and school-based mental health systems.
Crucially, the evaluation of predictive performance addresses methodological gaps highlighted in prior reviews of mental health risk prediction. While discrimination was acceptable, as illustrated by the receiver operating characteristic curve (Figure 4), the inclusion of calibration analyses provides stronger evidence of real-world applicability. The close correspondence between predicted and observed crisis rates across risk deciles (Table 3; Figure 5), together with the non-significant goodness-of-fit assessment, contrasts with earlier studies that reported high discrimination but poor calibration or limited external validity (Al-Juhani et al., 2025). This finding is particularly salient given concerns that poorly calibrated models may mislead practitioners by over- or under-estimating individual risk, thereby undermining trust and utility in applied settings (Seyedsalehi & Fazel, 2024). The observed classification performance at a policy-relevant threshold (Table 4) further indicates that the model can identify a substantial proportion of individuals who later experience crisis utilization while maintaining high confidence in identifying those at genuinely low risk, a balance emphasized as critical for preventive triage in non-clinical environments.
Perhaps most importantly, the analysis of utilization alignment addresses a persistent gap in the literature regarding whether predictive risk estimates translate into meaningful differences in subsequent service use. The monotonic increase in observed crisis utilization across predicted risk tertiles (Table 5; Figure 6) provides clear evidence that higher predicted risk is associated with substantially higher real-world crisis demand. The magnitude of the relative risks observed across strata suggests that crisis-driven utilization is highly concentrated among individuals identified as high risk, reinforcing arguments that emergency presentations function as indicators of upstream preventive failure rather than inevitable outcomes of severe pathology (Roennfeldt et al., 2021). This alignment between predicted risk and observed utilization directly counters critiques that predictive models offer limited guidance for service planning or intervention prioritization (Schmutte et al., 2025; Oddy et al., 2024).
5. 	Conclusion and Recommendations
The findings of this study demonstrate that crisis-driven mental health service utilization in community and school-based populations follows identifiable and predictable risk patterns shaped by emotional distress, behavioral exposures, school disengagement, and family context. By demonstrating that model-derived risk estimates are well calibrated, interpretable, and strongly predictive of subsequent service utilization, the study provides empirical evidence that crises are not inevitable endpoints but reflect missed opportunities for earlier identification and intervention. Importantly, the concentration of crisis utilization within higher-risk groups underscores the feasibility of shifting from reactive, emergency-oriented responses toward proactive, preventive strategies grounded in routinely available data. In light of these findings, targeted actions are required to translate predictive insight into meaningful system-level change.
1. School systems should integrate routine monitoring of emotional distress, absenteeism, and behavioral risk indicators into early support frameworks.
2. Community mental health services should adopt calibrated risk stratification tools to prioritize preventive outreach for high-risk individuals.
3. Health and education sectors should strengthen data-sharing mechanisms to enable coordinated, multidimensional risk identification.
4. Policymakers should invest in preventive interventions aligned with predictive risk profiles to reduce reliance on crisis-driven care.
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