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Abstract

Early identification of behavioral risk patterns in large student populations remains a chal-
lenge in higher education, particularly when support systems depend on voluntary help-
seeking. This study presents YuumCare, a structured and scalable framework that op-
erationalizes population-level digital screening through a reproducible data pipeline for
early detection and decision support. The framework was implemented during the first
weeks of the academic term in a public higher education institution in Latin America,
where 466 first-year students (38.9% coverage) completed a structured questionnaire cap-
turing indicators of emotional well-being, academic pressure, and help-seeking attitudes.
Responses were processed through a structured data pipeline comprising data ingestion,
preparation, feature construction, and rule-based classification, transforming distributed
self-reported data into standardized features and interpretable institutional signals for
consistent analysis at scale. Results show that emotional strain, evaluation-related anxiety,
and adaptation difficulties emerge early and frequently co-occur, while most students
report low willingness to seek professional support. The classification process indicates
that approximately one third of the cohort presents moderate to critical levels of need, pro-
viding a structured representation of vulnerability. The proposed approach connects digital
screening with institutional decision-making through an interpretable and operational
workflow that does not rely on complex infrastructure. Beyond descriptive findings, the
study contributes a lightweight and reproducible data framework that supports scalable
monitoring and coordinated response under real-world constraints, demonstrating the
feasibility of transforming self-reported behavioral data into actionable decision-support
signals for population-level monitoring in higher education.

Keywords: structured data pipeline; digital screening; decision-support systems; feature
engineering; reproducible data processing; population-level monitoring; higher education

1. Introduction

The transition to university is a critical period for students, often marked by emerging
academic, emotional, and behavioral challenges that affect early adaptation. In recent years,
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these difficulties have intensified, becoming more visible during and after the COVID-19
pandemic due to prolonged isolation, remote learning, and reduced peer interaction [1].
Despite this context, higher education institutions continue to rely on reactive support mod-
els in which intervention depends on voluntary help-seeking behavior. This approach has
been consistently associated with the underutilization of support services and a persistent
gap between students’ perceived needs and their willingness to seek professional support,
even when experiencing significant difficulties.

Advances in learning analytics and data-driven systems offer new opportunities to
address this gap. Data pipeline architectures enable the transformation of large volumes
of educational data into actionable insights by integrating data collection, preprocess-
ing, analysis, and visualization processes [2]. Recent work highlights the importance of
structured and transparent pipeline models to improve traceability and interpretability in
learning analytics [3]. From a data engineering perspective, well-designed pipelines are
essential for ensuring data quality and consistency in complex environments [4]. Similar
approaches in healthcare and artificial intelligence emphasize scalability and transparency
as key requirements for trustworthy data ecosystems [5]. However, most implementations
in higher education remain focused on retrospective performance analysis or isolated
indicators. They rarely connect data processing with early identification or coordinated
institutional response.

This study introduces YuumCare, a digital screening framework designed to support
early detection and structured monitoring of student well-being during the transition to
university. The approach shifts from individual help-seeking models toward a population-
level perspective supported by a transparent and modular structured data pipeline. Its
main contribution lies in integrating structured digital screening, a reproducible data
pipeline, and an institutional decision-support perspective. This integration enables the
transformation of multidimensional student data into actionable insights for early interven-
tion. The study evaluates the feasibility and operational value of this approach through
a real-world deployment with first-year students and outlines a framework that can be
adapted to similar higher education contexts.

2. Student Well-Being and Preventive Screening in Higher Education

The transition to university is widely recognized as a critical developmental stage
characterized by intensified academic demands, evolving social roles, and increased psy-
chological vulnerability. Longitudinal and cross-national studies consistently show that
the first year is a sensitive period in which anxiety, depressive symptoms, and academic
stress frequently emerge or intensify, particularly in the absence of structured support [6,7].
Prevalence studies across diverse higher education systems indicate that a substantial
proportion of students exceed distress thresholds, with academic pressure and reduced
sense of belonging strongly associated with adverse outcomes [8,9]. From this perspective,
student mental health extends beyond individual clinical conditions and reflects broader in-
teractions among institutional environments, pedagogical practices, and social integration
processes [10]. Socioecological approaches further situate well-being within the interplay
of individual, interpersonal, and structural factors, reinforcing the need for coordinated
responses embedded within educational systems rather than isolated interventions.

Data-informed approaches have gained relevance for understanding student experi-
ences and supporting institutional decision-making [11]. However, help-seeking patterns
continue to reveal a persistent mismatch between identified needs and actual service uti-
lization. Many students rely on informal support networks and face barriers such as stigma,
limited awareness, or accessibility constraints when approaching formal services [12]. As
a result, reactive models based solely on voluntary engagement remain insufficient dur-
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ing high-risk transitional periods. In response, screening has emerged as a preventive,
population-level strategy aligned with student retention and success objectives. Vali-
dated instruments support the detection of early signs of distress and enable large-scale
monitoring [7,8]. Digital platforms have extended these capabilities by facilitating scalable
data collection and remote assessment [13-15]. Recent advances in artificial intelligence
and digital mental health further expand these approaches through predictive analysis and
automated risk identification [16-20].

When integrated into structured support pathways, these approaches can function
as early-awareness mechanisms that connect well-being monitoring with academic per-
sistence strategies. Nevertheless, important limitations remain. Differences in infras-
tructure and analytical capacity, particularly in emerging contexts, constrain large-scale
implementation [21]. Fragmented governance, limited interpretability, and uneven valida-
tion also hinder effective integration into institutional decision-making [22-26]. As a result,
a disconnect persists between technological capability and coordinated implementation.
Although existing research provides strong evidence on student vulnerability and the
effectiveness of digital interventions, fewer studies examine how screening processes can
be operationally embedded within institutional practices to support systematic identifica-
tion and coordinated response. Limited attention has been given to how screening data
can be consistently processed, organized, and translated into actionable decision-support
mechanisms within real-world educational environments, particularly under constraints
of scalability, interpretability, and institutional alignment. This gap is especially relevant
in Latin American higher education systems, where variability in resources and institu-
tional capacity requires solutions that are both scalable and operationally feasible. Within
this context, YuumCare is introduced as a preventive, transition-focused approach that
integrates structured screening, exploratory risk stratification, and coordinated support
processes within a transparent and reproducible structured data pipeline, enabling early
detection and more systematic, data-informed institutional responses.

3. The YuumCare Framework

YuumCare is conceived as a digital, process-oriented approach designed to support the
early detection of students” well-being needs and to guide preventive responses during the
transition into university life. Rather than operating as a standalone application or a clinical
intervention system, it integrates accessible digital tools, institutional actors, and structured
decision pathways to enable coordinated support during critical academic stages. The
design focuses on the entry period into higher education, where emerging emotional and
academic challenges often remain unaddressed in the absence of mechanisms for capturing
and organizing early signals of vulnerability.

Figure 1 illustrates the conceptual architecture of YuumCare, situating digital screen-
ing, the structured data pipeline, output generation, and decision support within a broader
institutional ecosystem composed of university personnel, psychology trainees, and com-
monly available digital resources. The system is organized into four components: (i) digital
screening input, (ii) structured data pipeline, (iii) output generation in the form of risk levels,
and (iv) decision support pathways. Together, these elements define how student-reported
data are transformed into actionable insights through a transparent and reproducible work-
flow. The framework also incorporates iterative monitoring and contextual influences,
allowing for the continuous refinement of instruments, classification rules, and support
strategies under real-world conditions.
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Figure 1. Conceptual architecture and adaptive workflow of the YuumCare framework, illustrating

digital screening input, structured data pipeline, risk-level outputs, decision support pathways,

iterative monitoring, and contextual constraints within an institutional ecosystem.

The pipeline constitutes the core of the system. It includes four stages: data ingestion,

data preparation and encoding, feature construction, and rule-based risk classification.

These stages represent a progressive transformation of raw questionnaire responses into

interpretable indicators that support classification into predefined risk levels. The classi-

fication process

relies on transparent criteria, allowing for consistent interpretation and

facilitating institutional use without dependence on complex or opaque models.

Following classification, outputs are generated in the form of categorized risk levels

(e.g., low, moderate, and high). These outputs are directly linked to defined decision

pathways, including self-guided resources, supervised sessions facilitated by psychology

trainees, and referral to institutional services when required. This linkage enables the

system to operate as a bridge between data collection and institutional response. Decision

support is interpreted within the institutional context, ensuring that outputs guide rather

than automate responses.

The design

also incorporates an adaptive monitoring and feedback mechanism that

connects outcomes with earlier stages of the workflow. This enables continuous refinement

of instruments, classification rules, and support strategies, while accounting for data quality

constraints and participation variability inherent to voluntary screening processes. Cross-

cutting principles—transparency, reproducibility, and data governance and ethics—are

applied across all components, ensuring consistency and responsible data use.

The model is guided by three implementation conditions. It relies on widely adopted

digital tools to facilitate participation without requiring specialized infrastructure. It

maintains a preventive orientation by prioritizing early detection rather than clinical

diagnosis or therapeutic intervention. It is designed to operate across multiple cohorts

using existing institutional resources, allowing for gradual scaling without increasing

technical complexity. The framework is intended to function under real-world conditions,

including variability in participation, data completeness, and institutional capacity.

In this way, YuumCare functions as an operational process embedded within institu-

tional practice.

Figure 2 presents the operational workflow followed during the pilot implementation.

The process begins with the invitation to participate in a voluntary digital screening,

followed by the completion of a structured questionnaire capturing indicators of perceived
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well-being and support needs. Responses are consolidated through dataset construction
and validation procedures and then processed through the data pipeline. The data are
prepared, encoded, and transformed into indicators used in the rule-based classification
process. Based on the resulting risk levels, students are guided toward appropriate support
options aligned with the defined decision pathways. While the long-term vision includes
the development of a dedicated platform for continuous monitoring, the present study
focuses on this initial stage, examining the feasibility of screening, data organization, and
classification within a structured and reproducible process.

e N
RD Student Invitation to Screening

\ J

e N
|I| Digital Screening Questionnaire

\ J

II' Dataset Construction and Quality Validation

|

[ quq Risk-based Support Allocation
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Figure 2. Operational workflow of YuumCare from screening to decision support pathways.

4. Materials and Methods

This section operationalizes the YuumCare framework described in Section 3, detailing
its implementation during the pilot deployment. The study examines the initial use of
a structured digital screening approach aimed at supporting the early detection of emotional
and academic needs among first-year university students. A cross-sectional design was
used to characterize patterns of well-being, academic adjustment, and support needs
during the first weeks of the academic term. The study was conducted at a public higher
education institution in Mexico. A total of 466 students voluntarily completed the screening
questionnaire, representing 38.9% of the undergraduate population. Participants ranged in
age from 16 to 46 years (M = 18.06, SD = 1.92), with 62.9% male and 37.1% female. No
incentives were provided.

The screening instrument was designed as a non-clinical tool focused on capturing
early signals of need rather than producing diagnostic classifications. It includes self-
reported indicators related to emotional distress, academic pressure, social adjustment,
awareness of institutional resources, and expressed support needs. Each item is treated
as an independent analytical variable, preserving interpretability and enabling flexible
exploration of student experiences. The instrument can be understood as a structured set
of observable indicators describing multiple dimensions of the transition into university.
Table 1 summarizes this structure.
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Table 1. Conceptual structure of the indicators included in the YuumCare screening questionnaire.

Indicator Dimension

Example Variable Description

Emotional distress

Captures performance-related anxiety and

Anxiety in exams or public speakin . . : . e
ty p P & emotional strain during academic activities

Cognitive—emotional patterns  Errors define self-worth

Reflects negative self-perception and cognitive
bias associated with self-evaluation

Academic disengagement

Indicates early signs of disengagement or
dropout intention

Thoughts of giving up

Social support

Measures perceived availability of emotional

Perceived tional t
erceived emotional suppor support from others

Emotional expression

Identifies barriers in emotional

Difficulty expressing emotions L
communication

Social behavior

Captures withdrawal or isolation behaviors in

Social isolation tendency adverse situations

Comparative perception

Social comparison behavior Reflects tendency to compare oneself with peers

Self-perception

Represents overall personal satisfaction and

Self-perceived satisfaction
self-assessment

Support needs

Identifies specific types of support students

ional . 1
Emotional support required perceive they need

Help-seeking attitude

Captures willingness to access institutional

Interest i hological t .
nterest in psychological suppor support services

Institutional awareness

Measures knowledge of available support

Awareness of institutional resources )
services

Data were collected using a mixed format that combined online and paper-based
responses, enabling digital capture alongside signed informed consent. All responses were
consolidated into a single dataset and processed through a structured data pipeline aligned
with the framework described in Section 3. During ingestion, responses were unified, while
preparation involved removal of free-text fields, normalization of categorical variables,
expansion of multi-select responses, and anonymization procedures such as age grouping,
removal of program identifiers, and assignment of unique participant IDs (Figure 3). From
a systems perspective, the workflow transforms raw inputs into standardized features and
decision-support signals.

] [ Risk
Survey Data Data Cleaning ﬂ Er J Classification

+ Onlineand *  Remove program « Discretize age +  Expand multi- + Categorize
paper-based identifiers ranges select responses distress levels
— — — AN
|= + Anonymize and + Ordinal / binary +  Derive risk + Assign non-

r' . Voluntary group age mapping indicators clinical labels
informed

consent « Generate unique « Normalize unigue + Generate struc- + Guide student

IDs IDs tured dataset support

Reusable across cohorts and deployments

Figure 3. Data preprocessing and feature construction pipeline for standardized screening.

Feature construction transforms responses into analytical variables using discretiza-
tion, ordinal encoding, binary mapping, and multi-hot encoding. These transformations
preserve semantic meaning while enabling comparison across individuals. Tables 2 and 3
summarize the conversion of demographic, emotional, social, and support-related vari-
ables into structured features used for classification. Additional encoding schemes ensure
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consistent interpretation across the dataset (Table 4). Some indicators were encoded using

simplified ordinal schemes depending on the structure of the original questionnaire item.

Table 2. Transformation of demographic, emotional, and social survey variables into structured

analytical features.

Original English Output .
Variable Description Type Variable Transformation and Purpose
. Binned into intervals f hort-level
Edad Student age Numeric age_range ec mnto miervals for cohort-leve
analysis.
Genero Gender Categorical ~gender Standardized categorical labels.
,51edad en Exam/public . exam_ Ordinal encoding of performance-related
examenes o al hablar . . Ordinal . .
1 1. speaking anxiety anxiety_ord anxiety.
en publico
P i Thoughts of givi . d t . o .
ens.amlentos de oughts of giving Ordinal Topout_ Indicator of academic disengagement risk.
rendirse up thoughts_ord
Errores definen valor  Errors define . error_self_ - . . .
Ordinal . Cognitive-emotional bias representation.
personal self-worth perception_ord
A ional Perceived tional . ial .
poyo emoctona ercetved emotional - ordinal socia - Measures perceived support network.
percibido support support_ord
Dificultad Difficult i . ti . " .
tucuttad para HHCURY eXPTESSING  Ordinal enotion-expr- Emotional communication barriers.
expresar emociones emotions diff_ord
. . . ial isolati . ial . N
Aislamiento social Social isolation Ordinal socia - Withdrawal behavior indicator.
tendency isolation_ord
Comparacién social ~ Frequent social . social_ . .
. Binary - Binary comparison tendency.
frecuente comparison comparison
Self-perceived self_
Satisfaccion personal pere Ordinal satisfaction_ Likert-based self-perception scale.
satisfaction score

Note: Output variable names are presented in compact form for readability while preserving analytical meaning.

Table 3. Transformation of academic, support-related, and derived survey variables into structured

analytical features.

Original Variable English Tvoe Output Transformation and
(Spanish) Description yp Variable Purpose
Ayuda emocional Type of emotional Multi-select support_need_x* Multi-hot encoding of
requerida support required variables selected categories.
Interés en apoyo Interest in Ordinal psych_support_ Preserves support-
psicolégico psychological support interest_ord seeking intention.
Dificultad para Difficulty managing Ordinal time_management_ Perceived time
organizar el tiempo time difficulty_ord management difficulty.
Interés en orientacion Interest in academic Binar wants_academic_ Demand for academic
académica guidance y guidance support.
Conocimiento de Awareness of . .
R e Binary knows_resources Awareness of services.

recursos institucionales  institutional resources
Ayuc.ia profesional Previous professional Binary previous_help anr engagement
previa help indicator.

. . . e . Rule-based ti
Nivel de riesgo Risk classification label ~ Derived risk_level pie-based aggregation

of indicators.

* Represents a set of binary variables generated from multi-select emotional support responses using multi-

hot encoding.
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Table 4. Encoding schemes used for transformed variables.

Variable Type Encoding Method Example

Ordinal Integer encoding preserving order \2iabie-dependent ardinal scales (e, 0-2 or 19
Binary Boolean mapping 0=no,1=yes

Multi-select Multi-hot encoding [1,0,1,0,...] indicating selected categories
Numerical (binned) Discretized categorical ranges 16-18, 19-20, 21-22, 23-25, 26+

Derived label Rule-based classification risk_level in {stable, moderate, severe, critical}

The final stage corresponds to rule-based risk classification. Responses were evaluated
using combinations of indicators associated with emotional distress, academic disengagement,
and perceived support. Higher risk levels were assigned when multiple high-intensity
indicators co-occurred, while lower levels reflected isolated or low-intensity signals. Students
were grouped into four non-clinical categories: stable, moderate, severe, and critical (Table 5).
These categories function as operational markers for monitoring and prioritization rather than
diagnostic labels, and the rules were intentionally designed to prioritize interpretability and
institutional usability over predictive complexity. The classification process was conducted by
trained psychology students under professional supervision, and results were directly linked
to predefined decision pathways, including self-guided resources, supervised sessions, and
referral to institutional services when required.

Table 5. Non-clinical risk classification criteria used for triage and decision support.

Risk Level Description

No significant indicators of emotional distress or academic difficulty.
Stable Students show adequate adaptation and no immediate need for
intervention.

Presence of mild to moderate indicators such as occasional anxiety,
Moderate  difficulties in time management, or reduced perceived support.
Monitoring is recommended.

Multiple indicators of distress, including persistent anxiety, social
Severe isolation, or negative self-perception. Requires follow-up and potential
support intervention.

High-risk patterns such as strong disengagement signals, thoughts of
Critical giving up, or severe emotional distress. Immediate attention and referral
are recommended.

Although the instrument is not intended as a psychometrically validated clinical scale,
its design is informed by widely recognized constructs in student mental health research,
including emotional distress, academic adjustment, and perceived social support [6,7,9].
These dimensions provide a conceptual basis for indicator selection while maintaining
interpretability and operational usefulness. This study focuses on the initial implementation
and does not include longitudinal follow-up of outcomes, so findings reflect feasibility and
internal consistency rather than predictive validity over time.

All procedures followed established ethical guidelines, including voluntary participa-
tion, informed consent, and anonymization prior to analysis. Data processing and statistical
analysis were conducted in Python 3.10 using reproducible scripts. The analysis focused on
descriptive summaries of demographic characteristics, emotional and academic indicators,
support needs, help-seeking attitudes, and risk classification distributions. Categorical
variables were reported as frequencies and percentages, while continuous variables were
described using measures of central tendency and dispersion. For selected indicators,
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95% confidence intervals were estimated using the Wilson method. Missing data were
minimal and were explicitly preserved using a dedicated “No response” category rather
than imputation or record removal. This approach prioritizes transparency, interpretability,
and reproducibility over predictive modeling.

During manuscript preparation, an Al-assisted writing tool was used to improve
clarity and coherence. All content was carefully reviewed, revised, and approved by the
authors to ensure its accuracy and originality.

5. Results

A total of 466 first-year students participated in the screening, representing 38.9% of
the undergraduate population. This level of participation confirms the feasibility of vol-
untary large-scale screening during the initial weeks of the academic term and provides
sufficient coverage to characterize population-level patterns of early-stage vulnerability.
The precision of this estimate is supported by the Wilson 95% confidence interval for the
response rate (38.9%, 95% CI: 36.2-41.7) [27,28]. This indicates that the sample is adequate
for descriptive institutional analysis, although it is not intended for causal inference or
predictive validation. The cohort reflects the typical entry profile, with a mean age of
18.06 years (5D = 1.92), a strong concentration in the 16-18 range (85.8%), and a gender
distribution of 62.9% male and 37.1% female (Table 6, Figure 4). These characteristics
provide the baseline for interpreting the patterns identified through the screening process.

Table 6. Participant overview.

Characteristic n %
Sample size (N) 466 100.0
Age range
16-18 400 85.8
19-20 41 8.8
21-22 12 2.6
23-25 7 15
26+ 4 0.9
Unknown 2 0.4
Gender
Male 293 62.9
Female 173 37.1
350 A
300 - 62.9%
(2]
€ 250 A
©
2
S
5 2007 37.1%
o
° 1504
3
£
2 100 A
50 A
0 |

M

Figure 4. Gender distribution of the participants (N = 466).
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The processed indicators reveal consistent patterns across emotional and academic di-
mensions. Moderate to high levels of exam-related anxiety, difficulty expressing emotions,
and social isolation are observed in a substantial portion of the cohort (Figure 5), while
academic indicators show similar trends, particularly in time management and perceived
performance pressure (Figure 6). These patterns suggest that emotional and academic chal-
lenges emerge concurrently during the first weeks of university life, forming overlapping
signals captured through the screening process.

Low/No I Moderate H High/Yes

Exam/public speaking anxiety - 34.8% 36.3%
Thoughts of giving up A 53.3% 17.6%
Difficulty expres;ing i 24.5% 36.3%
emotions

Social isolation - 31.3% 28.3%

Perceived social support 68.9%

0 20 40 60 80 100
Percentage of students (%)

Figure 5. Ordinal distribution of emotional distress indicators.

Low/No  mEE Moderate HEE High/Yes

B o _
Difficulty defining personal | 38.4% 16.1%
value
T T T T T
0 20 40 60 80 100

Percentage of students (%)
Figure 6. Ordinal distribution of academic difficulty indicators.

Despite these signals, help-seeking behavior remains limited. Most students reported
low intention to seek professional psychological support (81.3%) (Table 7). Response pat-
terns provide additional context: non-response rates in variables such as social comparison
(11.8%) and previous professional help (8.2%) indicate hesitation or partial disclosure
during screening (Table 8, Figure 7). This combination of reported need and limited en-
gagement reinforces the mismatch identified in previous sections and highlights the role of
structured screening as an alternative entry point for early detection.

Table 7. Distribution of help-seeking attitudes toward psychological support.

Level of Help-Seeking Interest Frequency (n) Percentage (%)
Low/No 379 81.3
High/Yes 87 18.7

https://doi.org/10.3390/datal1050112
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Table 8. Response distribution for selected support-related indicators with explicit inclusion of
No response.

Indicator Response Category  Frequency (1)  Percentage (%)
Frequent social comparison  Yes 51 10.9

No 360 77.3

No response 55 11.8
Previous professional help ~ Yes 98 21.0

No 330 70.8

No response 38 8.2

N Yes s No [ No response

Frequent social comparison

Previous professional help

T T
0 20 40 60 80 100

Percentage of students (%)

Figure 7. Distribution of selected support-related indicators including No response as an ex-
plicit category.

Support needs show clear prioritization patterns across domains. Emotional needs are
led by stress reduction (31.3%), sleep-related difficulties (22.5%), and anxiety management
(16.5%) (Figure 8, Table 9), while academic needs concentrate on fear of failure (30.5%),
time organization (26.6%), and adaptation difficulties (14.8%) (Figure 9, Table 10). These
distributions remain stable when uncertainty is considered. Confidence intervals estimated
using the Wilson method show consistent ranges for key indicators, including at-risk
classification (34.3%, CI: 30.1-38.7), stress-related needs (31.3%, CI: 27.3-35.6), and academic
pressure (30.5%, CI: 26.5-34.9) (Table 11), supporting the robustness of the observed patterns
at the population level.

Stress reduction t @ | 31.3%
Sleep problems t ® { 22.5%
Anxiety management + L { 16.5%
Self-esteem issues + ® { 13.9%
Personal problems —e | 10.7%
Depression / low mood —r————f————| 9.9%
Social skills support -P—l 0.2%

CI) 1I0 2I0 3I0 4I0

Percentage of students (%)

Figure 8. Prevalence of emotional support needs reported by students. Error bars indicate 95% confi-
dence intervals estimated using the Wilson method.
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Fear of failure / academic L L 4 { 30.5%
pressure

Time organization / task [ ) { 26.6%
management

Difficulty adapting to . S | 14.8%

university , . , T T T T T
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Figure 9. Prevalence of academic support needs among first-year students. Error bars represent
95% confidence intervals estimated using the Wilson method.

Table 9. Top reported emotional support needs among screened students.

Support Need Students () Percentage (%)
Stress reduction 146 31.3
Sleep problems 105 225
Anxiety management 77 16.5
Self-esteem issues 65 13.9
Personal problems 50 10.7

Table 10. Top reported academic support needs among screened students.

Support Need Students (1) Percentage (%)
Fear of failure/academic pressure 142 30.5
Time organization/task management 124 26.6
Difficulty adapting to university 69 14.8

Table 11. Prevalence of selected screening indicators with 95% confidence intervals.

Indicator Prevalence (%) 95% CI (Wilson)
Studfer}ts classified as at-risk (moderate, severe, 343 30.1-38.7

or critical)

Stress reduction support need 31.3 27.3-35.6
Fear of failure/academic pressure 30.5 26.5-34.9

The integration of indicators through the rule-based classification stage results in
a structured distribution of risk levels. Most students fall into the stable category, while ap-
proximately one third (34.3%) are classified as moderate, severe, or critical (Figure 10). This
proportion provides a practical estimate of students who may require monitoring or early
support during the transition period. The classification output translates multidimensional
responses into interpretable signals aligned with the decision-support pathways described
in the framework.

At the institutional level, these results establish an operational baseline for planning
targeted interventions and resource allocation. The achieved screening coverage (38.9%)
demonstrates that large-scale participation can be obtained using accessible and low-cost
digital tools (Table 12). Overall, the findings show that early-stage vulnerability can be
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systematically identified using structured screening and a transparent data pipeline, gener-
ating consistent, interpretable outputs directly linked to decision-support mechanisms.

80 1 At-Risk Students (34.3%)

707 65.7%

Percentage of students (%)

Stable Moderate Severe Critical

Figure 10. Distribution of students across the four institutional risk classification categories generated
through the YuumCare screening framework (N = 466).

Table 12. Institutional screening coverage.

Indicator Value
Total undergraduate population 1198
Students screened 466
Institutional coverage 38.9%

6. Discussion

This study demonstrates how structured digital screening can be operationalized as
a decision-support process within higher education. It moves beyond descriptive reporting
by connecting population-level data collection with a transparent and reproducible pipeline.
By linking screening, structured processing, and decision pathways, the proposed approach
enables early detection of emerging needs during the transition to university and translates
them into interpretable outputs aligned with institutional action. The results show that
emotional and academic challenges emerge early and tend to co-occur rather than appear
as isolated conditions. Anxiety, stress-related needs, and time management difficulties
form interconnected signals during the first weeks of academic integration, consistent
with prior evidence on first-year vulnerability [6,7,9]. At the same time, help-seeking
behavior remains limited despite the presence of reported needs, reinforcing the mismatch
identified in previous research [12,26,29]. This reveals a structural limitation of models
based exclusively on voluntary engagement. Structured screening offers an alternative
entry point that does not depend on explicit demand and allows for early signals to be
captured at scale.

The distribution of risk levels provides an operational perspective on these patterns.
Approximately one third of the cohort falls into moderate to critical categories, offering
a practical estimate of students who may benefit from monitoring or early support. These
categories are not intended as clinical diagnoses but as interpretable indicators derived
from transparent rules applied to multiple dimensions of self-reported data. The rule-based
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classification functions as a structured aggregation mechanism that prioritizes interpretabil-
ity and institutional usability over predictive complexity, aligning with the objective of
supporting coordinated responses rather than automated decision-making. From a systems
perspective, the proposed structured data pipeline operates as a lightweight infrastructure,
transforming distributed self-reported data into structured institutional signals. This ap-
proach is consistent with recent work on reproducible pipelines in applied domains [3].
Its modular design supports traceability across stages, from data ingestion to decision
pathways, and enables consistent interpretation without reliance on opaque models. This
addresses limitations in existing implementations, which often focus on isolated indicators
or retrospective analysis rather than integrated workflows. The inclusion of a monitoring
and feedback loop reinforces the iterative nature of the approach and allows continuous
refinement of instruments, classification rules, and support strategies.

Several limitations must be considered. Participation was voluntary, introducing
potential selection bias, as students experiencing higher levels of distress may be less
likely to participate, leading to a possible underestimation of vulnerability. The cross-
sectional design limits the analysis of temporal dynamics and prevents assessment of
how risk levels evolve over time. The absence of follow-up data restricts the ability
to determine whether students classified as severe or critical experienced escalation of
distress, academic difficulties, or dropout-related outcomes. In addition, the screening
instrument was designed as a non-clinical tool that prioritizes accessibility and operational
feasibility. While grounded in recognized dimensions of student well-being, it does not
replace psychometrically validated scales, and its outputs should be interpreted within
this scope.

Despite these limitations, the findings show that early-stage screening and classifica-
tion can be implemented at scale using accessible tools and structured data processes. The
approach does not depend on specialized infrastructure and can be adapted to resource-
constrained environments, supporting its applicability across diverse institutional settings.
Future work should extend this framework in three directions: longitudinal evaluation
of risk trajectories and outcomes, assessment of the predictive validity of classification
rules and potential integration with data-driven methods, and development of a dedicated
digital platform to enable continuous monitoring and tighter integration with institutional
services. In this context, YuumCare can be understood as a structured and scalable bridge
between student-reported data and institutional decision-making, enabling earlier, more
systematic, and data-informed strategies to support students during a critical stage of
academic transition.

7. Conclusions

This study shows that structured digital screening can operate as a practical mech-
anism for early detection of emotional and academic support needs among first-year
university students. The results indicate that relevant challenges emerge during the initial
stages of the academic trajectory and can be consistently captured through accessible screen-
ing processes, even when students do not actively seek support. The proposed approach
contributes an operational model that links data collection, structured processing, and
decision pathways within a transparent and reproducible workflow. This design enables
the transformation of self-reported data into interpretable signals that support institutional
decision-making without relying on opaque models. The findings also confirm a persistent
mismatch between perceived needs and help-seeking behavior, reinforcing the limitations
of approaches based exclusively on voluntary engagement and highlighting the value of
structured screening as a complementary pathway for identifying early-stage vulnerability.
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The scope of this study is defined by several limitations. Participation was voluntary,
which may lead to underrepresentation of the most vulnerable students. The cross-sectional
design does not allow evaluation of temporal dynamics or predictive validity of classifica-
tion outcomes. The instrument was designed as a non-clinical tool, prioritizing interpretabil-
ity and operational feasibility over psychometric standardization. Future work should
examine longitudinal trajectories, evaluate classification strategies, and explore the integra-
tion of digital platforms for continuous monitoring and coordinated response. Overall, the
approach provides a scalable and transferable mechanism for linking student-reported data
with institutional decision-making, supporting earlier and more data-informed strategies
during a critical stage of academic transition.
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