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ABSTRACT

The adoption of mobile applications for occupational health and safety is growing in higher education,
especially in engineering environments where students face elevated physical risks. This study explores the Perceived
Usability of a health and safety mobile app among students at a Philippine engineering university. Grounded in
the Unified Theory of Acceptance and Use of Technology, safety culture dimensions, and the System Usability Scale,
a structured questionnaire with 48 items covering 10 variables was distributed to 224 purposively selected
respondents. After data cleaning and class balancing using SMOTE, five machine learning models such as
Multilayer Perceptron, Support Vector Classifier, XGBoost, LightGBM, and Random Forest Classifier were
trained and tuned using grid search. RFC achieved the best performance with 90.9% accuracy and a weighted
Fl-score of 0.91. Validation through cross-validation, log-loss tracking, and out-of-bag error estimation
confirmed the model’s robustness. SHAP analysis and tree-based interpretation revealed Social Influence, Safety
Training, and Safety Participation as the strongest predictors of PUS. Other contributing factors included
Effort Expectancy, Performance Expectancy, Facilitating Conditions, Intention of Use, and Use Behavior.
Safety Planning was excluded due to low correlation. Unlike traditional Structural Equation Modeling
approaches, this machine learning framework captures complex, non-linear relationships in behavioral data
and generates logic-based structures that can be embedded into rule-based systems. This study contributes to
engineering systems design by providing a predictive modeling framework that supports planning and app
optimization in academic environments.

Keywords: Perceived usability, health and safety; machine learning; random forest classifier;, SHAP;, UTAUT;
SUS; mobile application; SMOTE

INTRODUCTION Basic Occupational Safety and Health modules, visible
signage, and routine inspections (Arezes & Miguel,
2003). These tools boost awareness but don’t guarantee
long-term engagement. Without real-time alerts or
accessible ways to report hazards, students often treat
safety as a task to complete rather than a daily habit
(DeJoy, 2005). This gap between policy and practice
calls for more practical interventions.

Digital solutions offer promise. Industries and
institutions implementing mobile apps and online hazard-
reporting platforms have observed increased reporting
rates, faster responses, and stronger safety engagement
(Guo et al., 2017; Khosravi et al., 2014). However, most

Accidents and near-misses in engineering schools are
not uncommon, given the daily use of heavy
machinery, electrical systems, and chemical substances
(Fernandez-Muiiiz et al., 2007). Compared to standard
classrooms, these technical spaces demand constant
attention and shared responsibility among students,
staff, and management. Building a culture where safety
becomes part of everyday decisions matters just as much
as having formal rules and procedures. Yet, even with
policy frameworks, unsafe behavior often persists
(Griffin & Neal, 2000). Most schools rely on traditional
measures like safety orientation sessions, mandated
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studies rely on basic surveys or interviews and rarely
analyze long-term usage patterns. Moreover, research
on how these tools integrate with campus life especially
in developing countries is still limited. In Philippine
higher education, recent investigations show that
although safety systems exist, sustaining and enforcing
them remains challenging (Cuya-Antonio & Gabriel,
2021). Another study links workplace safety and social
support to faculty turnover in private universities,
emphasizing broader implications of safety practices
(Camlian & Baron, 2025). Yet, few studies examine
student-centered, tech-based safety tools or apply
predictive analytics to understand app usage and
adoption. This signals a need for evidence-based insights
into what truly influences app effectiveness.

This study seeks to fill that gap by deploying a
health and safety mobile app within an engineering
school and applying predictive modelling to uncover
the drivers of sustained use. It’s not just about testing a
tool but it’s about embedding safety tech into daily
campus routines in a way that reflects real behavior.
From a system design perspective, integrating health
and safety technologies within educational institutions
requires rigorous modelling to support decision-making
and optimize implementation strategies. This study
introduces a learning—based modelling
framework that serves as a technical tool for predicting
usability outcomes and guiding app deployment. By
combining structured data inputs with advanced
predictive  techniques, the study offers a
methodological contribution relevant to system-level
planning, technological innovation, and engineering
safety management.

The findings will also help administrators target
efforts where they matter most and make the best use of
limited resources. The main aim is to determine the
factors affecting the successful implementation of a
health and safety mobile app to strengthen safety
culture in an engineering school setting. Specifically,
this study seeks to: (1) identify and rank key drivers
and barriers to app adoption; (2) apply data-driven
predictive methods to reveal usage patterns; and (3)
provide practical recommendations for sustainable app
integration in everyday campus activities.

machine

METHODOLOGY

RESEARCH MODEL

The proposed research model, illustrated in Figure 1,
integrates elements from the Safety Culture model, the
Unified Theory of Acceptance and Use of Technology
(UTAUT), and usability assessment principles to
explain the factors influencing the Perceived Usability

(PUS) of a health and safety mobile application in an
engineering school setting. Specifically, it posits that the
Safety Culture dimensions, including Safety Planning
(SPL), Safety Training (STR), and Safety Participation
(SPR), positively influence PUS as indicated by
Hypotheses 1, 2, and 3. Additionally, constructs from
the UTAUT model, namely Performance Expectancy
(PEX), Effort Expectancy (EEX), Facilitating Conditions
(FCO), Social Influence (SIN), Intention of Use (IUS),
and Use Behavior (UBE), are also hypothesized to
positively and significantly affect PUS as described by
Hypotheses 4 through 9. The integration of these models
provides a comprehensive foundation for this study:
Safety Culture offers practical safety-related
dimensions grounded in Zohar’s (1980) seminal work
and widely applied in occupational contexts (Abella
et al.,, 2023); UTAUT contributes well-established
predictors of technology acceptance (Venkatesh et al.,
2003); and the System Usability Scale (SUS),
developed by Brooke (1996), ensures a
standardized assessment of users’ perceived system
usability.
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FIGURE 1. Research Model.

RESEARCH FLOW

The present study adopts a machine learning—driven
modelling framework (see Figure 2) to identify key
variables influencing the perceived usability of a health
and safety mobile application in an engineering academic
setting. It is important to note that the mobile application
used in this study was pre-developed and not part of the
current research’s scope; hence, no system development
or design process is discussed herein. This work further
contributes to the technical modelling process that centers
on data engineering and model optimization. The
methodology began with the design and deployment of a



structured questionnaire, followed by data cleaning,
aggregation, label assignment, and preprocessing. To
address class imbalance in the target variable, the Synthetic
Minority Oversampling Technique (SMOTE) was applied
(Chawla et al., 2002). Five machine learning models such as
Multilayer Perceptron (MLP), Support Vector Classifier
(SVC), XGBoost, LightGBM, and Random Forest
Classifier (RFC) were then trained and optimized using grid
search based on the highest F1-score (Shreya and Pathak,
2025; Fu et al., 2024). The best-performing configuration
was evaluated through accuracy, precision, recall, and F1-
score, followed by model validation using cross-validation
(Stone, 1974; Rani et al., 2025), learning curves, log-loss
error (Goodman et al., 1991; Rani et al., 2025), and OOB
error rate for tree-based models (Breiman, 1996; Lu and
Hardin, 2017). The most effective model was further
analyzed using SHapley Additive exPlanations (SHAP) to
extract the importance of each predictor variable (Lundberg
& Lee, 2017; Fu et al., 2024). This procedure reflects
similar approaches employed in prior studies that used
machine learning to explore feature significance in user-
centered or behavioral research contexts (Rani et al., 2025;
Fu et al., 2024; Shreya and Pathak, 2025).
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FIGURE 2. Research flow

DATA COLLECTION AND PARTICIPANTS

Data for this study were collected through a structured
questionnaire comprising 48 items measuring constructs
from the Unified Theory of Acceptance and Use of
Technology (UTAUT), safety culture dimensions, and the
System Usability Scale (SUS), using a 5-point Likert scale.
Demographic questions were also included. The survey was
administered online via Google Forms and followed
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allowed to participate. purposive sampling. Informed
consent was obtained digitally, and only students who met
the inclusion criteria such as current enrollment at Maptia
University, enrollment in a STEM-related undergraduate
program, and prior exposure to occupational safety
coursework wereBefore answering the questionnaire,
participants were introduced to the application by the
researcher. A total of 224 valid responses were obtained out
of 232 invitations. Most respondents were male (66.51%),
aged between 17 and 26 years old (98.66%, Gen Z), and
primarily came from the Civil, Environmental, and
Geological Engineering department (33.93%). For the full
demographic distribution, refer to Table 1.

TABLE 1. Demographics (n=224)

Characteristic

Status

Category n %
Student 224 100.00%

Civil, Environmental, and

Geological Engineering 76  33.93%
(CEGE)
Mechanical and
Manufacturing 55 24.55%
Engineering (MME)
Industrial Engineering
and Engineering 39 17.41%
Management (IE-EMG)
Department  Electrical, Electronics
and Computer 22 9.82%
Engineering (EECE)
Chemical, Biological and
Materials Engineering 11 4.91%
(CBMES)
Physics 9 4.02%
Architecture, Industrial
Design and the Built 5 2.23%
Environment (ARIDBE)
Others 7 3.16%
Sex Male 149 66.51%
Female 75 33.49%
Generation Z (17-26 21 98.66%
years old)
Age Group . .
Millennial (31-41 years
3 1.34%
old)

DATA PREPARATION AND PRE-PROCESSING

After collecting the complete responses from 224
participants, the dataset underwent a thorough cleaning
and filtering process. All variables were evaluated based
on their Pearson correlation with the target variable, PUS.
Only indicators meeting the threshold of r > 0.20 and p <
0.05 were retained (Ong et al., 2022). As a result, the
Safety Planning (SPL) construct was entirely excluded
from the model, along with several low-correlation
items across other constructs.

The remaining indicators were averaged to compute
one score per construct per respondent. For the output
variable, PUS (originally on a Likert scale from 1 to 5),
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only responses labeled 3, 4, and 5 were retained after
removing underrepresented classes (Label 1 had zero
instances, and Label 2 had only four). These were
relabeled to 0, 1, and 2, respectively, to fit machine
learning input requirements. Stratified splitting (60% train,
20% wvalidation, 20% test) was then applied, followed by
standardization using StandardScaler.

Upon inspection, the training set showed a noticeable
class imbalance across the three retained labels. The
original training distribution consisted of 41 samples in
Class 0 (PUS = 3), 73 samples in Class 1 (PUS = 4), and
only 16 samples in Class 2 (PUS = 5). This imbalance
posed a risk of model bias toward the majority class. To
address  this Synthetic Minority Oversampling
Technique (SMOTE) was applied exclusively to the training
set. SMOTE generated synthetic samples for the
underrepresented classes (Class 0 and Class 2), resulting in
an equal number of samples (73 each) across all three
classes. This balanced training dataset supports fairer
model learning and reduces bias toward majority class
predictions, a technique widely recommended for
imbalanced classification tasks (Chawla et al. 2002).

issue,

MACHINE LEARNING MODELS AND
HYPERPARAMETERS

To determine the most suitable model for predicting
perceived usability (PUS) based on behavioral and
contextual factors, five machine learning algorithms were
selected: Multi-Layer Perceptron (MLP), Support Vector
Classifier (SVC), XGBoost, LightGBM, and Random
Forest Classifier (RFC). These models were chosen for their
diverse architectures, robustness across data types, and
effectiveness in classification tasks involving user behavior
and technology adoption.

The Multilayer Perceptron (MLP) Classifier, a type of
feedforward artificial neural network, was selected for its
ability to capture complex nonlinear relationships between
input features and outcomes, especially relevant in
multifactorial and behavioral datasets (Wan et al., 2018; de
Oliveira et al., 2022). The Support Vector Classifier (SVC)
was chosen for its effectiveness in high-dimensional feature
spaces and its robust margin-based classification, which
makes it suitable for both structured and imbalanced data
(Zanaty, 2012). XGBoost, a widely adopted gradient
boosting algorithm, was included due to its high prediction
accuracy, scalability, and regularization mechanisms that
help mitigate overfitting in structured datasets (Chen &
Guestrin, 2016). LightGBM was utilized for its leaf-wise
tree growth strategy and histogram-based optimization,
which enhance computational efficiency and model
performance on medium-scale datasets with complex
interactions (Ke et al., 2017). Lastly, the Random Forest
Classifier (RFC) was incorporated for its interpretability,
robustness against overfitting, and demonstrated success in
survey-based usability and safety evaluations (Chan et al.,
2023).

Each model underwent grid search hyperparameter
tuning using the GridSearchCV utility from the scikit-
learn library. The tuning process aimed to maximize
weighted F1-score, accounting for class imbalance in the
multiclass classification task. Table 2 summarizes the
key hyperparameters optimized per model.

TABLE 2. Selected hyperparameters for tuning.

Model
MLP

Key Parameters Tuned

hidden layer sizes, alpha, solver,
activation

SvVC C, kernel, degree, gamma, class_weight,
probability

XGBoost n_estimators, max_depth, learning_rate,
subsample, colsample bytree, gamma,
min_child weight, reg_alpha, reg_

lambda

n_estimators, num_leaves, learning_
rate, max_depth, min_child_samples,
subsample, colsample bytree, reg_alpha,
reg_lambda

LightGBM

RFC n_estimators, max_depth, min_samples_
split, min_samples_leaf, bootstrap,
criterion

Each model underwent grid search hyperparameter
tuning using the GridSearchCV utility from the scikit-learn
library. The tuning process aimed to maximize weighted
F1-score, accounting for class imbalance in the multiclass
classification task. Table 2 summarizes the key
hyperparameters optimized per model.

RESULTS AND DISCUSSIONS

HYPERPARAMETER TUNING AND
EVALUATION RESULTS

All five models underwent hyperparameter tuning using
grid search to identify the best-performing configuration
based on weighted Fl-score. The tuning process was
carried out using the SMOTE-augmented training set and
evaluated on the held-out test set. For the Multilayer
Perceptron (MLP), the optimal configuration included a
single hidden layer of 50 units, tanh activation, an alpha
value of 0.001, and the Ibfgs solver. The best Support
Vector Classifier (SVC) used a polynomial kernel of degree
3, C=0.01, gamma=1, and no class weighting. For
XGBoost, the top combination featured 200 estimators,
max_depth=6, learning rate=0.01, min_child weight=5,
and regularization terms of reg_alpha=0 and reg_lambda=2.
LightGBM performed best with 200 estimators, num
leaves=15, learning_rate=0.01, and a subsample ratio of
0.8. The Random Forest Classifier achieved the highest



scores with 200 trees, no limit on depth, min_samples
split=16, and bootstrap=True using the gini criterion. The
final evaluation for each tuned model was based on
accuracy, precision, recall, and F1-score, as summarized
in Table 3.

TABLE 3. Hyperparameter tuning results.

Model Accuracy  Precision  Recall Si(l);e
MLP 0.795 0.793 0.795  0.788
SvC 0.795 0.794 0.795  0.794

XGBoost 0.386 0.892 0.886  0.888
LightGBM 0.886 0.904 0.886  0.892
RF 0.909 0914 0.909  0.905

The Random Forest Classifier achieved the highest
overall performance with an accuracy of 90.91% and a
weighted F1-score 0f 0.905, followed closely by XGBoost
and LightGBM, both achieving 88.64% accuracy, but with
slightly lower F1-scores. Meanwhile, SVC and MLP
performed moderately, both with 79.55% accuracy.

VALIDATION AND SELECTION OF THE FINAL
MODEL

While strong performance metrics on the test set can
suggest a well-performing model, it is essential to further
validate how well the model generalizes to unseen data.
Specifically, assessing for overfitting and underfitting
ensures that the learned patterns are not just memorized
noise from the training set (Goodfellow et al. 2016).
Therefore, additional validation plots and error analyses
were conducted to evaluate the learning behavior of each
model beyond basic evaluation scores. MLP showed
perfect training performance (F1 = 1.000) but dropped on
validation (F1 = 0.854), with learning curves confirming
overfitting. SVC also slightly overfit, with a training F1 of
0.912 and validation F1 0f 0.829. XGBoost performed well
(Val F1 =0.888) but overfit based on its widening log-loss
gap. LightGBM was more stable, achieving a Val F1 of
0.892 and a smaller log-loss gap (Train = 0.354, Val =
0.528). Random Forest achieved the best balance, with Val
F1 = 0.905 and stable Out-of-Bag (OOB) error (0.178),
indicating good generalization. The OOB error rate plot
(Figure 3) illustrates how the error stabilized as the number
of trees increased, further confirming that Random Forest
avoided overfitting and maintained reliable performance
on unseen data.
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FIGURE 3. OOB Error Rate Plot.

Overall, only the Random Forest model demonstrated
a strong fit without overfitting, making it the most reliable
for final selection. Although XGBoost and LightGBM
achieved comparable baseline accuracies, Random Forest
Classifier demonstrated better generalization to unseen
data. Validation tracking revealed that XGBoost was prone
to overfitting, indicated by a widening log-loss gap, while
LightGBM showed a smaller but still present gap. In
contrast, RFC maintained a stable Out-of-Bag error rate,
proving it avoided overfitting. Furthermore, RFC provides
better interpretability, making it highly suitable for
extracting logical decision rules in survey-based behavioral
studies.

After selecting RFC as the final model, its optimum
decision tree was extracted and plotted to visualize the
decision logic. As shown in the optimum RFC tree plot
(Figure 4), the root node of the tree is Social Influence
(SIN) with a threshold of < 0.51, highlighting its pivotal
role as the primary splitting factor. When SIN is low (<
0.51), the model proceeds to assess Safety Training (STR),
which further branches based on Safety Participation (SPR)
and SIN itself. For instance, if STR < —-0.695 and SIN <
—0.861, the model predicts very high PUS, suggesting that
strong social influence paired with basic safety training
still yields confident acceptance. However, when STR and
SPR are weak, the model shifts to lower or moderate
predictions, particularly evident in leaf nodes with mixed
class distributions.

Ifthe initial SIN value is high (> 0.51), the tree focuses
on Effort Expectancy (EEX) with a threshold of 0.124.
When EEX is high (> 0.124), subsequent decisions are
made based on Facilitating Conditions (FCO) and Usage
Behavior (UBE). For example, if EEX > 0.81 and FCO >



1572

—0.162, and UBE > 0.631, the model confidently predicts
very high PUS, as seen in terminal nodes with highly
skewed distributions toward that class. On the other hand,
if EEX or FCO are low, the model still predicts high
usability but with slightly reduced confidence, indicated
by higher Gini impurity values.

Notably, variables like Performance Expectancy
(PEX) and STR also appear deeper in the tree when SIN
and EEX conditions are met, underscoring their nuanced
but supporting influence. The decision paths collectively
show that high levels of social influence, perceived effort
ease, strong usage behavior, and well-supported conditions
consistently lead to predictions of higher perceived
usability. Conversely, when these factors are weak or
inconsistent, predictions are more conservative. These
branching paths offer valuable design implications for
developers and administrators, providing a logic-based
structure that can be embedded into rule-based systems,
recommendation engines, or early-warning mechanisms
within future safety app implementations.

DISCUSSION

To further interpret the internal decision logic of the
Random Forest Classifier, SHapley Additive exPlanations
(SHAP) was used to quantify the individual contribution
of each input variable to the model’s predictions (Lundberg
and Lee, 2017). This technique offers both global and local
explanations by calculating how each feature shifts the
model’s output from the base value, making it particularly
useful for explaining complex ensemble models like RFC.
By interpreting SHAP outputs in conjunction with the
Random Forest’s decision logic, this analysis contributes
to a data-driven modelling framework that supports system-
level decision-making. These insights enable more
informed integration of usability predictors into engineering
design parameters or feedback mechanisms embedded
within safety applications. The final SHAP summary plot
(Figure 5) illustrates the contribution of each input variable
to the prediction of perceived usability (PUS).
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FIGURE 4. Optimum RFC Tree Plot

The analysis revealed that Social Influence (SIN) was
the most significant feature in predicting Perceived
Usability (PUS), with the highest importance score of
0.134. Indicators such as perceived encouragement from
classmates, mentors, and influential peers toward using the
health and safety app shaped how usable the system was
rated. These findings echo prior work in both educational
and public health settings, where social norms and
endorsement positively influenced users’ perceptions of

usefulness and ease of use (Shen et al. 2006; Haverila et
al. 2024).

Safety Training (STR) followed with an importance
score of 0.069, indicating that adequate instruction and
training provided by the university played a critical role in
shaping usability perceptions. When students and staff felt
confident in their ability to assess hazards and navigate
safety procedures due to training, they were more likely
to view the app as user-friendly. These results are supported



by Wong et al. (2021), who found that safety training
enhanced users’ perceived ease of use and usefulness in
safety-related technologies. Safety Participation (SPR) had
a normalized importance of 0.054, suggesting that users
who actively engage in voluntary safety behaviors, such
as promoting the app or reporting hazards, found the system
more usable. As seen in workplace safety research by Hu
et al. (2016), discretionary safety behaviors are often
reinforced by systems perceived as valuable and easy to
use, reinforcing the idea that engagement fosters usability.
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FIGURE 5. Variable importance analysis

Effort Expectancy (EEX) contributed to usability with
an importance score of 0.052, highlighting the role of
perceived ease of use in shaping user experience. Students
who found the app simple to learn and operate tended to
view it as more usable overall. This finding aligns with
Ong et al. (2022), who emphasized the importance of
minimizing user effort in mobile app design, especially in
safety and utility contexts. Performance Expectancy (PEX)
scored 0.027 in importance, indicating that students who
believed the app would improve their ability to accomplish
safety-related tasks perceived it as more usable. Features
such as reporting hazards beyond working hours or regular
digital logging of reports supported this expectation, as
also reflected in findings by Ong et al. (2022).

Facilitating Conditions (FCO) held an importance
score of 0.026, showing that access to resources, skills,
and compatible technologies was moderately influential in
shaping usability perceptions. Students who felt technically
supported or believed the app was compatible with their
devices reported higher PUS. This is consistent with
findings from Wong (2015) and Ebadi and Raygan (2023),
which emphasize the value of environmental support in
technology acceptance.

Intention to Use (IUS) yielded an importance score of
0.023, indicating that stronger behavioral intention toward
using the app was linked to higher PUS. This may be due
to greater exposure and mental preparedness, making the
system feel more intuitive. Prasetyo et al. (2025) observed
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a similar relationship in the context of mobile payment
systems, where intent to use significantly boosted perceived
usability. Use Behavior (UBE), with an importance score
of 0.022, still showed a positive contribution to PUS.
Students who reported actual usage of the app whether to
file reports, access safety information, or improve
awareness were more likely to view it as usable. This
supports Lee and Koubek (2010), who found that actual
use reinforces familiarity and ease, thereby improving
perceived system usability.

Lastly, Safety Planning (SPL) was excluded from the
final model due to weak correlation with PUS, consistent
with limited evidence linking planning activities directly
to usability perceptions. Previous studies such as Dvir et
al. (2003) also noted that implementation of planning
processes does not necessarily translate to higher
satisfaction or successful technology engagement, which
may explain its low predictive value.

The results provide useful insights for improving the
implementation of safety-related mobile applications in
academic or workplace settings. Furthermore, these
findings offer direct implications for engineering system
design and safety management. Rather than treating these
behavioral factors as isolated metrics, administrators can
integrate them directly into safety management protocols.
For example, the strong predictive power of Social
Influence and Safety Training dictates that successful app
deployment requires structured social onboarding and
direct integration into engineering curriculums, rather than
passive availability. From a technical standpoint, these
findings can guide the iterative development of safety app
modules and inform adaptive system features such as in-
app nudges, usage-based customization, or automated alert
routing. This helps transition the app from a static reporting
tool into a dynamic, intelligent safety assistant.

Future studies should consider expanding the
respondent pool to improve model generalizability and
support more robust training of machine learning
algorithms. Some models in this study showed limitations
likely due to the relatively small sample size, which can
affect prediction stability and variable interpretation.
Additionally, once the health and safety app is fully
deployed and accessible across different campuses,
researchers are encouraged to explore usability perceptions
in various academic institutions in the Philippines. This
could reveal context-specific factors or common usability
trends that would strengthen the framework’s applicability.
Researchers may also consider longitudinal studies to
assess how perceived usability evolves with continued
exposure and actual use of the app over time. Integrating
qualitative feedback, such as interviews or focus groups,
can provide deeper insights into user experience and system
improvements.
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CONCLUSION

This study investigated the Perceived Usability (PUS) of
a health and safety mobile application in a Philippine
engineering university using a machine learning approach.
Five models were compared, with the Random Forest
Classifier (RFC) showing the highest accuracy and
generalization performance based on cross-validation,
out-of-bag error, and SHAP analysis. Among the predictors,
Social Influence (SIN), Safety Training (STR), and Safety
Participation (SPR) emerged as the most influential
variables. Other constructs such as Effort Expectancy
(EEX), Performance Expectancy (PEX), Facilitating
Conditions (FCO), Intention of Use (IUS), and Use
Behavior (UBE) also contributed positively to PUS,
although with lower impact. Safety Planning (SPL) was
excluded from the final model due to weak correlation and
limited predictive value. These results emphasize the role
of social and behavioral dynamics in shaping usability
perceptions of safety apps, while also contributing to a
predictive modelling framework applicable to human-
centered system design. The combined use of advanced
classification algorithms and SHAP-based interpretation
provides an evidence-driven foundation for optimizing app
features, user experience, and adaptive safety workflows.
This work supports engineering management efforts to
embed smart, data-informed tools into safety-critical
environments. Furthermore, this modelling framework can
be directly transferred and adapted by other engineering
institutions to evaluate and deploy their own safety
technologies which will allow them to identify the key
behavioral and design factors essential for efficient app
usability.
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