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Abstract—Managing crowd safety during large-scale
gatherings such as Hajj requires timely assessment of multiple risk
factors, including crowd conditions, environmental factors, and
health-related indicators. Many existing approaches address these
aspects separately, making it difficult to obtain a unified
operational view of risk. This study presents a multi-agent
framework that combines machine learning with domain-specific
agent coordination for crowd-risk prioritization. The framework
includes five agents responsible for crowd monitoring, health
monitoring, environmental sensing, coordination, and alert
generation. To reduce data leakage, variables used in risk-label
construction and post-event outcomes were excluded before model
training, resulting in 17 real-time observable features. The
framework was evaluated using the Hajj and Umrah Crowd
Management dataset containing 10,000 simulated records. On the
independent test set, XGBoost+SMOTE achieved 47.30%
accuracy and 46.22% F1-score; the XGBoost baseline achieved
57.15% accuracy and 45.96% F1-score, and a majority-class
baseline that always predicts the dominant class achieved 58.70%,
underscoring that overall accuracy is an insufficient metric for this
task. Although accuracy decreased after class rebalancing,
minority-class sensitivity improved: XGBoost+SMOTE achieved
partial High-risk recognition (recall=0.14, F1 = 0.12), whereas the
XGBoost baseline and Cost-Sensitive XGBoost failed to identify
any High-risk cases (recall = 0.00). McNemar's test confirmed a
statistically significant difference between the XGBoost baseline
and the SMOTE-enhanced model (3> = 69.218, p < 0.001). Cross-
validation on the SMOTE-balanced training data produced
59.89% + 0.20% accuracy and 58.94% = 0.17% F1-score. A
streaming evaluation on 500 held-out test records showed that the
Full Framework generated 93 High-risk alerts, compared with 74
from the ML-only configuration and 23 from the Agents-only
configuration, a 25.7% increase relative to ML-only operation. A
precision check against the internal risk-score proxy found that
none of the 19 agent-driven escalations beyond ML-only
predictions corresponded to a High-risk label under this proxy;
these alerts should accordingly be read as operational risk-
prioritization signals rather than confirmed incident detections.
All reported figures should further be interpreted in light of the
dataset's synthetic origin: because features were algorithmically
generated rather than collected from real sensors or incidents, the
results are illustrative of the framework's behavior under these
specific simulated conditions rather than predictive of real
operational deployment. Average processing latency was 4.127 ms
per record under sequential single-stream conditions. In addition
to the proposed framework, the study presents a diagnostic
evaluation approach that combines leakage control, dual
association analysis, and direct precision auditing. This approach
may also prove useful for evaluating similar ML—agent systems in
other safety-critical alerting applications.
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L INTRODUCTION

Large public gatherings represent one of the most
operationally complex environments for safety management.
The annual Hajj pilgrimage, which draws more than two million
participants to confined geographic zones over a compressed
timeframe, exemplifies the challenges that arise when crowd
density, environmental stress, and health vulnerability intersect.
The scale and operational complexity of Hajj continue to
motivate the development of intelligent crowd-management
systems capable of supporting timely risk assessment and
decision-making [1], [2].

The past decade has seen considerable progress in Al-driven
crowd analysis. Vision-based systems using YOLO and CNN
architectures have achieved strong performance in density
estimation and abnormal behavior detection [3], [4], [5]. IoT
sensor networks have extended monitoring beyond camera
fields of view by capturing environmental and operational
indicators associated with crowd conditions [6], [7]. Multi-agent
frameworks have demonstrated value in evacuation simulation
and distributed coordination [8], [9]. Yet these advances have
largely evolved in parallel rather than in concert: visual
monitoring systems rarely incorporate health indicators; IoT
platforms seldom feed predictive risk models; and agent-based
systems tend toward simulation rather than real-time operational
deployment [10], [11].

This fragmentation carries real operational cost. A
monitoring system that detects crowd compression via camera
feeds cannot independently account for the additional risk posed
by extreme heat, an aging pilgrim population, or extended
waiting times at transport checkpoints. Conversely, rule-based
alert systems operating without predictive components lack the
capacity to differentiate between momentary crowd fluctuations
and genuinely escalating risk trajectories; predictive agent-
based architectures have been shown to address this limitation
more effectively [12], [13].

This study addresses this gap through a framework designed
around five principles: 1) asynchronous agent independence:
each agent processes its own data stream without blocking on
others; 2) leakage-free feature engineering: the feature space
used for ML prediction is strictly isolated from the variables
used to construct risk labels; 3) operationally grounded
escalation: the coordination policy prioritizes sensitivity over
specificity, reflecting the asymmetric cost of missing High-risk
events; 4) statistical accountability: model improvements are
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validated through McNemar's test; and 5) real-time feasibility:
all predictions are generated with sub-10 ms latency per record
under the evaluated experimental conditions.

The study is guided by three research questions: (RQ1) How
can asynchronous agent coordination improve crowd-risk
prioritization beyond ML prediction alone? (RQ2) What feature-
selection strategy best prevents leakage in operationally
constructed risk labels? (RQ3) How does the proposed
framework perform under realistic class imbalance without
artificially inflating reported performance?

II.  RELATED WORK

Crowd safety research has matured across three intersecting
streams. The first concerns Al-based crowd analysis. Vision-
based architectures, particularly YOLOvS and YOLOvV9, have
achieved near-real-time detection of density anomalies and
abnormal behaviors [3], [14], [15], [16]. CNN-based approaches
extended this to behavioral trajectory prediction [17], [18].
Cyber-physical integrations further embedded visual monitoring
within broader operational sensing architectures [19], [20].
However, these systems remain primarily reactive: they detect
what is already happening rather than flagging converging risk
conditions.

The second stream concerns loT-enabled monitoring.
Distributed sensor networks capture environmental variables
that co-occur with crowd incidents but fall outside camera fields
of view [21], [22], [23]. Zhang et al. proposed an IoT-based
public safety alert system that combines distributed multi-sensor
inputs with lightweight edge-deployed machine learning models
to generate alerts, demonstrating the feasibility of automated,
low-latency alert pipelines for emergency response support [7].
While [7] incorporates basic predictive classification at the
sensor level, it does not address multi-domain risk fusion across
crowd, health, and environmental indicators simultaneously, nor
does it consider data-leakage risks in label construction. The
broader limitation across this stream of work is a continued
reliance on per-sensor threshold or single-model logic rather
than coordinated multi-agent risk fusion across heterogeneous
domains [24].

The third stream concerns multi-agent coordination.
Keykhaei et al. developed a situation-aware multi-agent
evacuation model for earthquake scenarios, demonstrating that
distributed agent coordination enables more adaptive response
than static centralized planning in dynamic crowd conditions
[9]. Dumitrescu et al. used multi-agent modeling to simulate
crowd panic propagation [8]. More recent work has explored
LLM-based agents for smart city coordination [12] and multi-
agent machine learning frameworks combining classification
with coordinated decision-making for real-time safety response
[25]. Despite this breadth, most multi-agent applications remain
simulation-oriented, with few validated deployments in
operational real-time monitoring systems [26], [27], [28], [29].

The most directly comparable work is CIRS [25], a five-
agent machine learning-based framework for real-time accident
detection and emergency response, whose architecture
(perception, classification, description, communication, and
decision-making agents) closely parallels the five-agent design
adopted in the present framework (Crowd Monitoring, Health
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Monitoring, Environmental Sensing, Coordinator, and Alert
agents). The present framework differs from [25] in several
respects. First, [25] is applied to a structurally distinct domain
(road-traffic accident detection from CCTV video) rather than
multi-domain crowd-risk prioritization, and accordingly
integrates a vision-language model for incident description
rather than tabular sensor-derived risk classification. Second,
[25] reports classifier performance (YOLOv11: precision 0.866,
recall 0.855) without an explicit discussion of label-construction
leakage, since its ground truth (manually annotated accident
frames) is independent of its input features by design, whereas
the present framework addresses a leakage risk that is
structurally specific to operationally derived risk labels. Third,
[25] does not report a formal statistical test of agreement
between its decision-making agent and its underlying classifier,
an aspect the present framework addresses directly through
McNemar’s test (Section IV-C). A complementary comparison
point is provided by Alshamrani et al. [30], who developed a
wearable-sensor-based system for monitoring pilgrim stress and
fatigue during Hajj, combining physiological, geospatial, and
self-reported data; unlike the present framework, [30] is oriented
toward descriptive analysis of collected pilgrim data rather than
real-time multi-agent risk coordination, and does not incorporate
a predictive classification component or an agent-based
architecture. Taken together, [25] offers the closest architectural
parallel (multi-agent coordination with an embedded ML
classifier) while [30] offers the closest domain parallel (Hajj-
specific physiological and environmental monitoring); neither
addresses both dimensions simultaneously, which motivates the
integrated evaluation presented in this study. These comparisons
should be interpreted as descriptive positioning relative to the
closest available published work rather than as a direct empirical
benchmark. Table I summarizes the major research streams and
their core limitations.

TABLE L. SUMMARY OF MAJOR RESEARCH STREAMS AND THEIR

LIMITATIONS.

Research Stream Core Limitation Key References

Reactive; limited integration
with health or environmental
sensing

Threshold-based; no adaptive
learning; no multi-source

Al/deep  learning

crowd monitoring [31-[5],[14]-[20]

IoT-enabled sensing [61,[71.[211-[24]

and alerting fusion

Multi-agent Simulation-oriented; limited

coordination real-time operational 5]9’][9]’[12]’[25]-
frameworks deployment

Theoretical perspectives on multi-agent decision-making
[31] and a broader multi-expert analysis of Al agentic systems
and their deployment characteristics [32] further contextualize
the coordination architecture adopted in this framework.
Distinct from this general perspective, a multi-source
information fusion technique specifically targeting abnormal
crowd behavior detection [33] reinforces the operational
complementarity of data-driven and rule-based sensing that
underpins the proposed design. The review of prior studies
suggests that current approaches address specific dimensions of
crowd safety but rarely combine them within a single real-time
architecture. This gap motivates the development of a
framework that integrates predictive machine learning,
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heterogeneous sensing, and coordinated agent-based responses
to support proactive risk management.

III. METHODOLOGY

A. Dataset and Representativeness

The Hajj and Umrah Crowd Management dataset (Kaggle)
comprises 10,000 records across 30 features capturing spatial
coordinates, environmental readings, operational waiting times,
health indicators, and pilgrim demographic profiles. The dataset
contains no missing values and no duplicate records. All features
were generated under simulated operational conditions designed
to reflect common Hajj crowd management scenarios; their
ability to fully represent real-world crowd behavior remains a
study limitation.

Risk labels were derived through a weighted operational
scoring function: Crowd Density (0.25), Temperature (0.20),
Fatigue Level (0.15), Stress Level (0.15),
Queue Time minutes (0.10), Emergency Event (0.10), and
Distance Between People_m (0.05). The resulting score was
discretized into three thresholds: Low (below 1.8), Medium
(1.8-2.4), and High (above 2.4), yielding 3,121 Low (31.2%),
5,869 Medium (58.7%), and 1,010 High (10.1%) records. These
labels represent operationally constructed risk proxies rather
than verified emergency records. The framework is accordingly
best characterized as a risk-prioritization tool.

B. Feature Engineering and Leakage Prevention

Data leakage represents one of the most consequential
validity threats in applied machine learning research, capable of
inflating reported accuracy without reflecting genuine predictive
capacity [34], [35]. In this dataset, the risk is structurally
elevated: the seven features used to compute the risk label were
excluded from model input. Post-event outcome variables
(Satisfaction_Rating, Perceived Safety Rating,
Pilgrim_Experience, AR Navigation Success) were also
excluded as they are unavailable at operational prediction time.

The resulting clean feature set comprises 17 real-time

observable indicators: spatial (Location Lat, Location Long),
movement (Movement_Speed), environmental
(Weather Conditions, Sound Level dB), operational
(Activity_Type, Event Type, Waiting Time for Transport,
Security Checkpoint Wait_ Time,
Time Spent at Location _minutes, Interaction Frequency),
pilgrim profile (Age Group, Health Condition,
Transport Mode), and contextual indicators (Incident Type,
Crowd_Morale, AR _System_Interaction).

C. Data Partitioning and Class Balancing

The dataset was divided into 80% training (8,000 records)
and 20% test (2,000 records) using stratified random splitting
with seed 42. The test set was held out entirely throughout
training, tuning, and oversampling. SMOTE [36] was applied
exclusively to the training set following the split to address class
imbalance [35], expanding the minority High and Low classes
to match the majority Medium class at 4,695 samples each.
Cross-validation on the SMOTE-augmented training set
produces accuracy estimates under balanced class conditions
(33.3% per class), which naturally exceed test-set accuracy
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under the original imbalanced distribution. Both metrics are
reported with their interpretations distinguished in Section IV.

D. Prediction Models and Experimental Setup

Seven configurations were evaluated: Random Forest [37]
(n=150, depth=10), XGBoost baseline [38] (n=200, depth=6,
Ir=0.05), LightGBM baseline (n=200, depth=6, 1r=0.05),
RF+SMOTE, XGBoost+SMOTE, LightGBM+SMOTE, and
Cost-Sensitive XGBoost (scale pos weight calibrated to the
High-to-Medium class ratio). LightGBM was included to assess
whether gradient-boosting performance generalizes across
implementations; Cost-Sensitive XGBoost was included to test
class-weighting as an alternative to oversampling for minority-
class detection. Cost-sensitive learning addresses class
imbalance by assigning higher penalties to misclassification of
minority-class instances, thereby encouraging the model to
place greater emphasis on underrepresented classes [39]. All
models used seed 42. Weighted-average and per-class precision,
recall, and F1-score were computed to expose behavior on the
minority High-risk class. McNemar's test with continuity
correction assessed statistical significance between XGBoost
baseline and XGBoost+SMOTE at alpha = 0.05, following
established recommendations for comparing classifier
performance on a single shared test set [40].

E. Multi-Agent Framework Architecture

The framework comprises five agents implemented as
independent Python threads communicating through dedicated
in-memory message queues, consistent with the reactive agent
architecture described by Wooldridge [41] and the general
multi-agent coordination workflow surveyed by Maldonado et
al. [26]. The Crowd Monitoring Agent observes
Movement Speed, Interaction Frequency, and Crowd Morale.
It applies threshold rules synthesized from crowd dynamics
simulation literature [8], [9]: a Medium signal is triggered when
movement speed falls below 0.5 m/s, consistent with
documented pre-compression crowd conditions, or when
interaction frequency exceeds 7; a High signal is triggered when
speed falls below 0.3 m/s and frequency exceeds 8
simultaneously. These thresholds represent expert-informed
approximations derived from simulation findings and are subject
to empirical calibration against real incident data.

The Health Monitoring Agent observes Health Condition,
Age Group, and Waiting Time for Transport. Pilgrims
presenting dehydration or fatigue, those aged 70 or above, or
those waiting more than 90 minutes for transport receive
elevated health risk signals. These thresholds were informed by
health management frameworks for crowded events [42] and
constitute expert-informed approximations subject to empirical
calibration. The combination of dehydration and age above 70
triggers High. The Environmental Sensing Agent observes
Weather Conditions, Sound Level dB, and
Security Checkpoint Wait_Time. Adverse weather or sound
levels above 80 dB trigger Medium; sandstorm with sound
above 85 dB triggers High. All agent thresholds are expert-
informed approximations pending empirical validation.

The Coordinator Agent blocks on three message queues until
signals from all monitoring agents arrive, then queries the
XGBoost+SMOTE model with the encoded feature vector. The
final risk decision applies a maximum-escalation policy: the
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highest risk level across all four inputs is selected. The Alert
Agent converts the final decision into an operational
notification.

The proposed architecture differs structurally from a
conventional centralized pipeline in several respects. Table 11
summarizes the key architectural distinctions.

TABLE II ARCHITECTURAL COMPARISON: CENTRALIZED PIPELINE VS.

PROPOSED FRAMEWORK.

Centralized Pipeline Proposed Framework

Single processing module Five domain-specific agents

Shared decision logic Independent domain-specific assessment

Modular,
components
New agents can be added without
modifying existing ones
Asynchronous
monitoring

independently operable

Tightly coupled components

Limited extensibility

domain-specific

Sequential domain processing

The present framework does not claim decentralized
negotiation or autonomous multi-agent planning. Rather, it
adopts a modular, coordinator-based multi-agent architecture in
which independent domain-specific agents perform local
assessment before a coordinator integrates their outputs through
a conservative escalation policy [13]. The architecture was
selected for modularity, extensibility, and separation of domain-
specific reasoning rather than to claim computational superiority
over an equivalent centralized implementation. This design
allows each agent to be developed, tested, and replaced
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independently, and permits the addition of new sensing domains
without restructuring the coordination logic.

In terms of computational complexity, each monitoring
agent evaluates threshold conditions over a fixed three-feature
subset, contributing O(1) time per agent and per record. The
Coordinator Agent then performs a single XGBoost inference
over 17 features. Gradient-boosted tree inference requires
O(T-D) time per record, where T is the number of trees and D is
the maximum tree depth. Because T and D are fixed
hyperparameters in the present implementation (T =200, D =6),
the inference cost is constant with respect to dataset size and the
number of monitoring agents. Inter-agent communication
overhead scales as O(A), where A denotes the number of
monitoring agents. The overall per-record complexity is
therefore O(A + T-D); with A, T, and D fixed in the current five-
agent architecture, it is O(1) with respect to dataset size, while
increasing linearly if the number of monitoring agents is
expanded. The framework architecture is illustrated in Fig. 1.

In the architecture of the proposed multi-agent framework,
Independent Crowd, Health, and Environmental agents publish
risk signals through dedicated message queues. The Coordinator
Agent integrates these signals with XGBoost+SMOTE
predictions using a maximum-escalation policy to generate the
final risk assessment. Results are based on 500 test records held
out from the training data (see Section III-F for the relationship
between this streaming subset and the broader test set used in
Section IV-A).

loT DATA STREAM

10,000 Simulated Records | 17 Real-Time Observable Features | Label Leakage Removed “

Crowd Monitoring Agent

Speed ‘ Crowd morale

Interaction freq — risk signal

Health Monitoring Agent

Health condition

Environmental Sensing Agent

Weather

Wait time ‘
Sound (dB)

Security wait

—+ risk signal —+ risk signal

Coordinator Agent

Blocks on 3 quewes and waits until all messages arrive

(inference request)

® Queries XGBoost + SMOTE model with 17-feature vector

(single inference request)

® Final = max(crowd, health, env, ML)

XGBoost + SMOTE

CV: 59.89% = 0.20%
McNemar: p < 0.001

(risk prediction returned)

Conservative escalation policy

®  Avg latency: 4.127 ms

Leakage-free features

Raceives final decision @  Generates operational notification

T

High Alert
93 records — 18.6%

Immediate intervention

Medium Alert
389 records — 77.8%

Monitor and prepare

Normal
18 records — 3.6%

Stable conditions

‘ Legend: ——p Direct message = ====e= Queue channel (async)

19 records escalated beyond ML-only predictions (3.8%)

Fig. 1. Proposed multi-agent framework for crowd-risk prioritization.
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F. Evaluation Protocol

Model performance was assessed on the held-out test set
using overall and per-class metrics. Robustness was evaluated
through 3-fold stratified cross-validation on the SMOTE-
augmented training set, reporting Mean plus or minus Std.
McNemar's test with continuity correction assessed statistical
significance. The multi-agent framework was evaluated in three
configurations (ML-only, Agents-only, and Full Framework) on
500 records drawn exclusively from the held-out test set,
ordered by Timestamp to simulate a streaming environment;
these 500 records are a subset of the same 2,000-record test set
used for the overall and per-class results reported in
Section IV- A, rather than an independently drawn fresh sample,
and the ablation results should accordingly be read as a re-
examination of the existing held-out test set from a streaming
perspective rather than as validation on new, previously unseen
data. Sensitivity analysis was conducted by varying all agent
thresholds uniformly by plus or minus 20% from baseline values
and computing High-risk alert counts experimentally across the
three threshold configurations.

IV. RESULTS AND DISCUSSION

A. Model Performance

Table III presents overall test-set results for seven
configurations. Table IV presents per-class results for the
XGBoost and LightGBM SMOTE-enhanced configurations. On
the test set, XGBoost+SMOTE achieved 47.30% accuracy (F1:
46.22%); cross-validation on the SMOTE-balanced training
data yielded 59.89% plus or minus 0.20% accuracy and 58.94%
plus or minus 0.17% F1 for XGBoost+tSMOTE. The gap
between CV accuracy (59.89%) and test-set accuracy (47.30%)
reflects evaluation under balanced (33.3% per class) versus
imbalanced (Medium 58.7%) class conditions, respectively, and
is reported explicitly to avoid misrepresentation of operational
performance. To quantify the stability of test-set performance
beyond the single fixed split, non-parametric bootstrap
resampling (1,000 resamples with replacement, drawn from the
test-set predictions) was used to construct 95% confidence
intervals: accuracy 47.35% [45.20%, 49.55%], F1-score 46.26%
[43.96%, 48.59%)], and High-risk recall 13.76% [9.23%,
18.60%]. These intervals indicate that the reported point
estimates are reasonably stable under resampling, while the
width of the High-risk recall interval reflects the limited number
of High-risk test instances available for evaluation.

Table IV reveals a critical finding: the XGBoost baseline and
Cost-Sensitive XGBoost detected zero High-risk cases
(precision = 0.00, recall = 0.00, F1 = 0.00), while
XGBoost+SMOTE achieved partial High-risk detection (recall
= 0.14, F1 = 0.12) and LightGBM+SMOTE achieved
comparable performance (recall = 0.12). The baseline model's
single false positive prediction for the High-risk class (1 of 1,174
true Medium-risk records misclassified as High) was
insufficient to register a non-zero precision value at two decimal
places, confirming that the model produced no usable High-risk
signal whatsoever on the independent test set. The inability of
baseline models to detect any High-risk instance is not a model
failure per se but reflects the intrinsic difficulty of the task: after
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leakage removal, the observable features provide insufficient
discriminative signal to separate High- from Medium-risk
without class rebalancing. This finding directly motivates the
domain-aware agent escalation layer, which captures High-risk
configurations through rule-based domain knowledge that the
baseline ML classifier does not detect under the current feature
set. This underscores that overall accuracy is an insufficient
metric for safety-critical systems. McNemar's test confirmed a
statistically significant improvement of XGBoost+SMOTE over
the baseline (chi-squared = 69.218, p less than 0.001), indicating
a statistically significant shift in minority-class sensitivity,
mechanistically explained in Section V as a decision-boundary
effect rather than a genuine signal-recovery effect on the
independent test set.

To contextualize these results against trivial reference
points, two simple baselines were also evaluated on the same
test set: a majority-class baseline that always predicts the
dominant class (Medium) and a stratified-random baseline that
predicts classes according to their training-set proportions. The
majority-class baseline achieved 58.70% accuracy and 43.42%
Fl-score (Table III); the stratified-random baseline achieved
42.20% accuracy and 42.31% F1-score. Notably, the majority-
class baseline’s accuracy (58.70%) exceeds that of the XGBoost
baseline (57.15%), although the XGBoost baseline achieves a
higher F1-score (45.96% vs. 43.42%) by producing non-trivial,
if ultimately unsuccessful, predictions for the Low-risk class.
This comparison reinforces rather than undermines the study’s
central argument: it provides direct, model-agnostic
confirmation that overall accuracy is an insufficient and
potentially misleading metric for this task, since a model that
makes no use of any observable feature can match or exceed the
accuracy of a trained classifier, consistent with the near-absence
of linear and nonlinear feature—label association documented in
Section V. The comparison is included here, prior to that
analysis, specifically to establish this point empirically before it
is explained mechanistically. The headline XGBoost+SMOTE
figures reported above were further confirmed to be stable,
rather than dependent on the specific random seed used, via a
repeated-splits analysis across 10 independent seeds reported in
Section VII (Statistical Validity).

TABLE III. OVERALL MODEL PERFORMANCE ON INDEPENDENT TEST SET
Model Acc.% Prec.% Rec.% F1%

Random Forest 58.75 50.10 58.75 43.64
XGBoost Baseline 57.15 45.12 57.15 45.96
RF + SMOTE 48.50 45.81 48.50 44.62
XGBoost + SMOTE | 47.30 45.90 4730 46.22
LightGBM Baseline | 57.00 44.40 57.00 4572
LightGBM + SMOTE | 46.55 44.93 46.55 4534
XGBoost Cost-1 57 15 45.12 57.15 45.96
Sensitive

Majority-Class 58.70 34.46 58.70 43.42
Baseline

Stratified-Random | ,, 5 4231 42.20 4231
Baseline
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TABLEIV.  PER-CLASS PERFORMANCE: XGBOOST MODELS (TEST SET)
Model Class Prec. Recall F1
XGBoost Baseline High 0.00 0.00 0.00
Low 0.34 0.07 0.11
Medium 0.59 0.94 0.72
XGBoost + SMOTE High 0.11 0.14 0.12
Low 0.31 0.22 0.26
Medium 0.60 0.67 0.63
LightGBM + SMOTE High 0.10 0.12 0.11
Low 0.31 0.21 0.25
Medium 0.59 0.66 0.62

Table IV shows that the baseline XGBoost model failed to
identify any High-risk cases, with a recall of 0.00. After
applying SMOTE, the model began to detect this class, although
performance remained limited, with a recall of 0.14 and an F1-
score of 0.12. SMOTE also increased Low-risk recall from 0.07
to 0.22. However, this came at the cost of reducing Medium-risk
recall from 0.94 to 0.67. These results indicate that rebalancing
reduced the model’s dependence on the dominant Medium-risk
class and allowed better, though still imperfect, detection of
minority risk levels.

B. Feature Importance and Interpretability

Feature importance scores from the XGBoost+SMOTE
model show a balanced distribution: the highest-ranked feature
(Crowd Morale, 0.0995) contributes less than 10% of total
importance. This contrasts with analyses that included label-
derived variables, where a single feature dominated, indicating
leakage. Crowd Morale, Event Type, and Weather Conditions
are operationally interpretable: crowd morale reflects collective
behavioral tension; event type determines spatial organization
and density thresholds; weather conditions directly affect crowd
movement. Fig. 2 illustrates the top 10 feature importance
scores.

Activity Type

Health_Condition

AR_System_Interaction

Weather Conditions

Crowd_Morale

0 0.02 0.04 0.06 0.08 0.1 0.12

Fig. 2. Top 10 feature importance scores from the XGBoost+SMOTE
model.

Because Crowd Morale emerged as the single most
important feature, its operational measurability warrants
clarification. In the present dataset, Crowd Morale is recorded
as a discrete categorical indicator (Positive, Neutral, Negative);
it is not derived from facial-expression or sentiment analysis,
which would introduce separate privacy and accuracy concerns
in dense crowd settings. In an operational deployment, this
indicator would instead be inferred indirectly from signals
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already collected by the framework’s other sensing channels (for
example, aggregate crowd-noise level (Sound Level dB),
movement irregularity (Movement Speed variance), and local
interaction density (Interaction Frequency)) rather than
measured directly. This indirect-inference approach is consistent
with the framework’s real-time observability requirement, but it
also means that Crowd Morale should be understood as a
composite behavioral proxy rather than a directly sensed
physical quantity, and its operational construction from these
underlying signals remains an item for future validation.

(a) XGBoost Baseline (b) XGBoost + SMOTE

High{ 0 10 192 High 28 a7 127

Low { 0 43

True label
True label

Medium 139 254

High Low Medium High Low Medium
Predicted label Predicted label

Fig. 3. Confusion matrices for (a) XGBoost baseline and (b)
XGBoost+SMOTE on the independent test set.

Fig. 3 shows the confusion matrices for both models. A
review of the confusion matrices reveals notable differences
between the two models. The original XGBoost classifier
predominantly predicted the Medium-risk class, leading to no
correct predictions for High-risk observations. After
incorporating SMOTE, the classifier identified a small portion
of the High-risk cases. Although this increased sensitivity to the
minority class, it also resulted in a lower overall accuracy. This
pattern is in agreement with the performance metrics reported in
Table IV.

To assess discriminative performance across the full range
of decision thresholds rather than at the single fixed operating
point reported in Table IV, a precision-recall curve was
constructed for the High-risk class using the predicted class
probabilities from XGBoost+SMOTE on the full 2,000-record
independent test set described in Section IV-A (Fig. 4); this is
distinct from, and substantially larger than, the 500-record
streaming subset used in the ablation and escalation-precision
analyses in Section [V-C below. The curve achieved an average
precision (AP) of 0.1016, compared with an AP of 0.1010
expected under random ranking at this class’s prevalence
(10.1% of test-set records). The observed AP exceeds the
random-baseline value by only 0.0006, and Fig. 4 shows the
model’s curve tracking the random-baseline reference line
closely across nearly the entire recall range, with the exception
of a brief, high-variance fluctuation at very low recall where the
small number of underlying records makes individual precision
estimates unstable. This result provides a third, independent line
of evidence supporting the same conclusion reached via the
majority-class baseline comparison above and the mutual
information analysis in Section V: the trained classifier’s
ranking of records by predicted High-risk probability carries
negligible discriminative value beyond what would be expected
from the class’s base rate alone, across the entire space of
possible decision thresholds rather than only at the single
threshold used to generate Table IV.
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Fig. 4. Precision-Recall curve for High-risk class detection
(XGBoost+SMOTE) versus the random-baseline reference line at class
prevalence.

C. Multi-Agent Coordination Value and Streaming
Performance

Table V presents the ablation results across three
configurations on 500 held-out test records ordered by
Timestamp. The ML-only configuration generated 74 High-risk
alerts, while the Agents-only configuration generated 23 High-
risk alerts. The Full Framework generated 93 High-risk alerts,
representing a 25.7% increase relative to the ML-only
configuration and substantially exceeding either component
operating independently. Because the Full Framework applies a
maximum-escalation policy (its High-risk count can never fall
below either individual component's, by construction; see
Table V below), this difference alone does not establish
symmetric, bidirectional disagreement between the two
components. With this structural property in mind, the pattern is
nonetheless consistent with the ML model and the agent layer
each surfacing High-risk configurations that the other does not
independently flag, suggesting complementary, if asymmetric,
risk-assessment mechanisms. The ML model performs
probabilistic classification across all 17 observable features,
whereas the agents apply domain-specific escalation rules to
targeted feature subsets, allowing each component to identify
elevated-risk situations that may not be emphasized by the other.

TABLE V.  ABLATION: HIGH-RISK ALERT GENERATION ACROSS THREE
CONFIGURATIONS.
. High-Risk Records Avg.
Configuration Alerts Escalated Latency

ML Only
(XGBoost+SMOTE) 74 - 4127 ms
Agents Only (rules, no
ML) 23 N/A N/A

+
Full Framework (ML 93 19 (3.8%) 4127 ms
Agents)

Because the Full Framework configuration cannot, by
construction, generate fewer High-risk alerts than either
individual component on any given record, the discordance
pattern between configurations is necessarily one-directional
rather than a conventional bidirectional disagreement (see
Table VI for full contingency tables). With this structural
constraint in mind, the 70 additional High-risk alerts generated
by the Full Framework beyond the Agents-only configuration
(93 vs. 23) were confirmed via McNemar’s test to represent a
statistically significant difference (%*>= 68.01, p<0.001), and the
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19 additional alerts generated beyond the ML-only
configuration (93 vs. 74) were likewise confirmed to represent a
statistically significant difference ()* = 17.05, p <0.001); in both
paired comparisons, all discordant records favored the Full
Framework configuration (b > 0, ¢ = 0). These alerts arise from
records where the ML model identified elevated-risk
configurations that did not satisfy agent escalation thresholds,
and, conversely, from records where domain-specific agent rules
flagged conditions the classifier had not independently
identified as High-risk. Consistent with the note accompanying
Table VI, the statistical tests above should be interpreted as
confirming that a nonzero number of one-directional escalations
occurred in each comparison, rather than as evidence of mutual,
symmetric correction between the two components or of a strong
discriminative advantage for either component individually. The
underlying architectural rationale for combining ML and agent
inputs nonetheless reflects a conceptually bidirectional design:
the ML model and the agent rules are each capable of flagging
risk configurations that the other does not independently classify
as High-risk. A statistically significant increase in alert volume
should not, on its own, be read as an operational improvement.
This concern is well established in clinical alerting research: a
systematic qualitative review of general practitioners’
experiences with clinical decision support alerts found that a
high volume of alerts with limited specificity or relevance was
consistently reported as a driver of alert fatigue, reducing
practitioner engagement with and trust in subsequent alerts,
including clinically important ones [43]. While this concept
originates in primary-care clinical alerting research rather than
crowd-safety monitoring, the underlying mechanism,
desensitization to frequent, low-value notifications reducing
responsiveness to genuinely critical signals, is domain-general
and transfers directly to the present context: an operational
alerting system that increases alert volume without a
corresponding increase in precision risks producing the same
desensitization effect among crowd-safety monitoring
personnel. As discussed below, the precision of the escalated
alerts examined in this study was found to be low against the
operational risk proxy; the alert-volume increase reported here
should therefore be weighed against this risk rather than treated
as an unambiguous benefit.

A separate check tested whether the agents’ three-tier
escalation logic (each agent first raising a record from Low to
Medium, then separately from Medium to High) is actually
necessary, or whether a single, simpler rule would produce the
same alerts. The simpler version skips the intermediate Medium
step entirely: it flags a record as High whenever any one of the
three agents’ original High-level conditions is met, with no per-
agent Medium-escalation logic in between. On the same 500-
record streaming evaluation, this simplified single-rule version
produced exactly the same number of High-risk alerts as the full
three-agent hierarchy: 93 in both cases. In other words, the extra
Medium-level escalation step built into each agent did not add
any High-risk alerts beyond what the three original High-level
conditions already produced on their own, at least on this dataset
and this evaluation window. This does not mean the five-agent
design is unnecessary it remains useful for modularity and for
adding more nuanced intermediate-risk logic later but it does
mean that the specific benefit of the current three-tier hierarchy
has not yet been demonstrated, and should not be assumed
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without testing on data where Medium-risk conditions are more
common or more closely tied to eventual High-risk outcomes.

TABLE VI.  MCNEMAR'S TEST CONTINGENCY TABLES FOR ABLATION
COMPARISONS (N=500)
Both
. Both b (Comparator ¢ (Comparator

Comparison | peoh | High, Full Not) | Not, Full High) }1;;;1
Full vs. ML-1 04 | 19 407
only
Full Vs.
Agents-only 23 0 70 407

Note: b and ¢ are zero-cell-constrained by the maximum-
escalation policy (Full Framework can never report fewer High-
risk alerts than either individual component on a given record),
which forces a one-directional discordance pattern in both
comparisons. McNemar’s test is designed for paired nominal
comparisons and is widely recommended for comparing
classifiers on a shared test set [40]; however, its standard
interpretation assumes that discordant pairs can in principle
occur in either direction. Because the maximum-escalation
policy used here rules out one of the two discordant cells by
construction, the resulting test is closer to confirming that a
nonzero number of one-directional escalations occurred than to
demonstrating conventional, symmetric disagreement between
the compared configurations, and the reported statistics should
be read with this structural constraint in mind. Continuity-
corrected McNemar statistics are computed as y*> =
(Ib—c|-1)*/(b+c).

To assess the stability of the framework with respect to
threshold selection, a sensitivity analysis was conducted by
varying all agent thresholds by +20% from their baseline values.
Reducing thresholds by 20% yielded 83 High-risk alerts
(16.6%), whereas increasing thresholds by 20% yielded 105
High-risk alerts (21.0%). The baseline configuration produced
93 alerts (18.6%), representing an intermediate operating point
within this range. This non-monotonic behavior reflects
interactions among agent-specific escalation rules under the
framework’s maximum-escalation policy, where changes in
individual thresholds can alter escalation pathways across the
combined decision process. Despite these variations, the Full
Framework consistently generated more High-risk alerts than
the ML-only configuration (74 alerts), indicating that the
reported contribution is not dependent on a single threshold
setting.

The 500 streaming records were drawn exclusively from the
held-out test set, ensuring complete independence from training
data (this subset was drawn from the same 2,000-record test set
evaluated in Section IV-A rather than from a separate sample),
while preserving the original class distribution of approximately
10.1% High-risk, 31.2% Low-risk, and 58.7% Medium-risk.
The increase from 74 High-risk alerts in the ML-only
configuration to 93 alerts in the Full Framework is consistent
with the ability of agent rules to surface risk configurations that
the ML classifier may underweight due to feature overlap.
Under the streaming evaluation, the average processing latency
was 4.127 ms per record, indicating that the framework is
suitable for single-stream operational monitoring scenarios. To
assess scalability, per-record latency increased from 1.918 ms
under sequential processing to 4.571 ms at 5 concurrent streams,
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10.284 ms at 10 concurrent streams, and 15.538 ms at 20
concurrent streams, representing an approximately 8.1-fold
increase at the highest concurrency level evaluated. These
results suggest that large-scale multi-stream deployment would
likely require a distributed or otherwise more scalable execution
architecture.

To assess the operational precision of agent-driven
escalations, the 19 records escalated by the agent layer beyond
ML-only predictions (i.e., classified as Medium or Low by
XGBoost+SMOTE but elevated to High by agent rules) were
cross-checked against their underlying continuous risk scores
and original risk labels. None of these 19 records (0%)
corresponded to a true High-risk label; 14 (73.7%) were true
Medium-risk and 5 (26.3%) were true Low-risk. Only 4 records
(21.1%) had an underlying risk score within 0.2 of the High-risk
threshold (2.4), indicating that these escalations predominantly
targeted records that were not borderline cases. This finding
indicates that, under the current label definition, agent-driven
escalations beyond ML predictions exhibit low precision against
the operational risk proxy, and should be interpreted strictly as
sensitivity-oriented prioritization signals rather than validated
risk detections. This result motivates recalibrating agent
thresholds against verified incident data as a priority for future
work, rather than treating the increased alert count alone as
evidence of improved detection; such recalibration could draw
on recent proposals to incorporate net benefit directly as an
objective during model and threshold development, rather than
applying it only as a post-hoc evaluation metric, which would
allow the relative cost of missed High-risk cases versus false
escalations to inform threshold selection explicitly [44].

V. DATA QUALITY, LIMITATIONS, AND FUTURE
DIRECTIONS

The most fundamental limitation concerns label validity.
Risk categories were derived from a weighted scoring function
applied to operational indicators, not from verified incident
records. The models therefore predict a computed proxy for risk
rather than observed outcomes. One practical consequence is the
near-zero separation between Medium- and High-risk feature
distributions, resulting in zero High-risk recall for the XGBoost
baseline and Cost-Sensitive XGBoost, and only partial recall
(0.14) for XGBoosttSMOTE on the independent test set. In
addition, agent-generated escalations could not be validated
against confirmed incidents because the dataset does not include
verified real-world outcomes. The additional High-risk alerts are
therefore best understood as prioritization cues for further
review, not as verified detections of actual incidents. Future
work should evaluate these alerts against real incident logs or
expert-reviewed operational records.

The weak observed performance also follows a near-
deterministic  statistical expectation given the dataset’s
construction. A post hoc correlation analysis between the 17
retained features and the continuous Operational Risk Score
(prior to threshold discretization) found a maximum absolute
Pearson correlation of 0.026 and a mean absolute correlation of
0.010 across all retained features; for n = 10,000 records, the
critical correlation magnitude for statistical significance at o =
0.05 is approximately 0.0196, meaning that while a small
number of these correlations are technically distinguishable
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from zero, all are practically negligible, a well-documented
consequence of large sample sizes inflating the detectability of
statistically significant but practically meaningless effects [45].
Because Pearson correlation captures only linear association and
the models evaluated in this study (XGBoost, LightGBM,
Random Forest) are explicitly capable of exploiting nonlinear
and interaction effects, this analysis was complemented with a
mutual information estimate, a nonparametric measure sensitive
to nonlinear dependence, computed using the Kraskov—
Stogbauer—Grassberger k-nearest-neighbor estimator suited to
mixed continuous and discrete feature types; following the
originating methodological reference, which recommends k =
24 for estimating dependence (with larger k trading reduced
statistical variance for increased systematic bias) [46], the
primary analysis used k = 3, the lower end of this recommended
range, in order to favor reduced systematic bias given the
relatively small number of High-risk instances available in the
full dataset (1,010 of 10,000 records) for estimating this
association. Mutual information between the 17 retained
features and the continuous risk score ranged from 0.000 to
0.016 nats (mean 0.003 nats) at k = 3, compared with a mutual
information of 0.232 nats between Crowd_Density (one of the
seven excluded label-constructing variables) and the same risk
score, computed as a reference point for what a genuinely
informative relationship looks like in this dataset under the same
measure. To verify that this conclusion does not depend on the
specific neighbor-count choice, the analysis was repeated at k =
5 and k = 10: the maximum mutual information among retained
features decreased further (0.008 nats at k = 5; 0.007 nats atk =
10), while the reference value for the excluded variable
remained essentially unchanged (0.238 nats at k = 5; 0.241 nats
atk = 10), confirming that the retained features’ near-absence of
nonlinear signal is stable across this range of estimator settings
rather than an artifact of the k = 3 configuration. Several of the
reported values are exactly 0.000; a recent systematic
benchmarking of mutual information estimators, including
KSG-type k-nearest-neighbor approaches, found that estimator
reliability varies considerably across distributional conditions
and that no single estimator performs uniformly well across all
settings, particularly under sparse or weakly-informative
dependence structures [47].

Consistent with this, at this sample size and neighbor
parameter, the present estimator returns an exact-zero output
whenever the underlying dependence falls below its practical
detection floor, rather than necessarily implying a perfectly null
relationship in a mathematical sense, and these values should
accordingly be interpreted as “below detectable dependence at
this estimator resolution” rather than as a precise quantification
of zero association. The retained features therefore carry
negligible nonlinear, as well as negligible linear, signal about the
risk label: the highest-ranked retained feature captures roughly
one-fifteenth of the mutual information carried by a single
excluded label-constructing variable. This indicates that the 17
leakage-free features carry little to no signal about the risk label
beyond the noise floor, under either a linear or a nonlinear
association measure, consistent with the seven label-
constructing  variables  (Crowd Density, = Temperature,
Fatigue Level, Stress Level, Queue Time minutes,
Emergency Event, and Distance Between People m) having
been generated largely independently of the retained features in
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this simulated dataset. Under this condition, classification
performance approaching that of the majority-class baseline is
the statistically expected outcome rather than an unexplained
finding, and the intrinsic-difficulty framing offered above
should be read as a description of this near-independence rather
than as evidence of a deeper, unmodeled relationship between
observable crowd conditions and operational risk. This
consideration also implies that the degree of performance
degradation observed here is specific to this dataset’s generation
process and may not generalize to settings where label-
constructing and observable variables are more strongly
associated in practice.

Given this near-absence of linear and nonlinear signal in the
retained features, the partial recovery of High-risk recall
observed for XGBoost+SMOTE and LightGBM+SMOTE (0.14
and 0.12, respectively, versus 0.00 for the unbalanced baselines)
requires its own explanation rather than being attributed to the
features becoming more informative after rebalancing. The
more plausible mechanism is that SMOTE alters the effective
decision boundary learned by the classifier rather than
increasing the information content of the feature space: by
synthetically inflating the representation of the High-risk class
to match the majority class during training, SMOTE shifts the
model’s decision threshold to favor High-risk predictions in
regions of feature space that are only weakly associated with the
label, at the cost of reduced precision (0.11 for
XGBoost+SMOTE, Table V) and reduced Medium-risk recall
(0.67, down from 0.94 for the baseline). This interpretation is
consistent with general principles of oversampling behavior in
weakly separable feature spaces established in [35], [36], though
the specific framing offered here is the authors’ own synthesis
rather than a direct claim made in either source; it favors the
decision-boundary-shift account over the alternative explanation
that SMOTE somehow recovers predictive signal that the
correlation and mutual information analyses above show is
largely absent from the underlying features. Under this
interpretation, the gain in High-risk recall after SMOTE reflects
a deliberate, engineered shift in operating point along an
unfavorable precision-recall trade-off, not a genuine
improvement in the model’s ability to discriminate High-risk
from Medium-risk conditions using the available observable
indicators.

The dataset represents a single simulated operational
context. Generalization to other crowd environments requires
separate validation. Agent threshold values are expert-informed
approximations not empirically calibrated against historical
incident data. SMOTE generates synthetic observations from
existing samples; in this study, differences between baseline and
SMOTE-enhanced models remained modest, and McNemar's
test confirmed significant improvement (y* = 69.218, p <0.001).
Although statistically significant, the practical effect size
remained modest because the improvement was primarily
observed in High-risk recall rather than overall classification
accuracy. Python threading constrains true parallelism for CPU-
bound workloads such as model inference, and production-scale
multi-stream deployment would likely require a distributed
agent framework such as JADE or Mesa. To quantify the
practical impact of this constraint, per-record inference latency
was measured under concurrent load using a thread pool with 1,
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5, 10, and 20 simultaneous prediction streams, following a
model warm-up phase to eliminate first-call overhead. As
reported in Section IV-C, per-record latency increased from
1.918 ms under sequential processing to 15.538 ms at 20
concurrent streams, an approximately 8.1-fold increase at the
highest concurrency level evaluated. This increase reflects the
combined effect of several factors that this thread-based
experiment does not separately isolate (including Python-level
interpreter contention, thread-scheduling and pool-management
overhead, and CPU cache contention among concurrently
executing threads) rather than being attributable to the Global
Interpreter Lock alone; the underlying C++ implementation of
the gradient-boosting library used here may release the
interpreter lock during some internal numerical computation, so
the GIL constraint described above should be understood as one
contributing factor among several rather than the sole
explanation for the measured degradation. Regardless of the
precise decomposition of these factors, the empirical result
establishes that the framework’s favorable latency figures
reported elsewhere in this study (e.g., Table V) reflect single-
stream, sequential operation and do not extend proportionally to
concurrent —multi-stream  conditions  representative  of
simultaneous monitoring across many pilgrims; production
deployment at scale would require either a multi-process or
distributed architecture, and a more detailed profiling study
isolating these individual contributing factors is identified as a
direction for future work.

Future work will focus on validating the framework using
real-world operational datasets, calibrating agent thresholds
against historical incident records, and evaluating alert precision
using independently verified ground-truth events.

VI. CONCLUSION

This study proposed a multi-agent approach for crowd-risk
prioritization in large-scale events that combines machine
learning with crowd, health, and environmental agents within a
unified operational workflow. The study also addressed data
leakage by removing variables used to construct the risk labels,
as well as post-event outcome indicators, before model training.

The results show that leakage-free prediction is difficult in
this dataset. The XGBoost baseline and Cost-Sensitive XGBoost
did not identify any High-risk cases (recall = 0.00).
XGBoost+SMOTE detected part of this class, but performance
remained limited (recall = 0.14, F1 = 0.12). McNemar's test
showed a statistically significant difference between the baseline
and SMOTE-enhanced model (y*>=69.218, p <0.001), although
the practical gain was mainly in minority-class sensitivity rather
than overall accuracy.

The agent layer increased High-risk alert volume but, on the
data examined, did so with low precision relative to the internal
risk-score proxy. Of the 19 records escalated by the agent layer
beyond the ML-only predictions, none (0%) corresponded to a
High-risk label under this proxy, while the majority (73.7%)
corresponded to Medium-risk labels. In the 500-record
streaming evaluation, the Full Framework produced 93 High-
risk alerts, compared with 74 from ML-only and 23 from
Agents-only, representing a 25.7% increase over the ML-only
configuration.
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These additional alerts should therefore be interpreted as
prioritization cues rather than confirmed incidents. Overall, the
results suggest that ML and rule-based agents can play
complementary roles in crowd-risk monitoring. However, none
of the 19 agent-driven escalations beyond the ML-only
predictions corresponded to a High-risk label under the internal
risk-score proxy. This finding further reinforces the need for
threshold calibration and validation against verified real-world
incidents before operational deployment. ML provides broad
probabilistic assessment across observable features, while
agents add domain-specific escalation rules for conditions that
the model may under-prioritize. With an average latency of
4.127 ms per record, the framework is suitable for single-stream
monitoring experiments. Future work should validate the
framework using real operational data and evaluate alert
precision against verified ground-truth labels.

VII. THREATS TO VALIDITY

A. Internal Validity

SMOTE was applied only to the training set, so synthetic
samples never reached the test set; cross-validation on the
SMOTE-balanced data likely makes generalization look slightly
better than on the original imbalanced distribution. All models
used the same fixed random seed (42) for reproducibility, and
the agent thresholds are expert estimates rather than values
calibrated against real incident data. As reported in
Section IV- C, a simplified single-rule version of the agent logic
produced the same number of High-risk alerts as the full three-
agent hierarchy, showing that the added complexity of the
hierarchical escalation structure has not yet been shown to add
value on this dataset. Additionally, the evaluation does not
quantify inter-agent communication overheads such as queue
contention, synchronization latency, or message-passing delays.
These overheads are expected to have minimal impact under the
single-stream evaluation considered in this study but may
become more relevant under higher concurrency levels.

B. External Validity

The dataset was generated under simulated conditions
specific to the Hajj context, so findings may not generalize to
other crowd environments (sporting events, concerts, transport
hubs) without separate validation. The framework has not been
tested on live IoT streams under real deployment, and Python
threading limits parallelism at production scale. Furthermore,
the evaluation assumes complete and reliable sensor
observations and does not assess the impact of sensor noise,
missing values, delayed measurements, or inconsistent data, all
of which are common in practical IoT deployments and should
be investigated in future work. Because the dataset was
algorithmically generated rather than collected from real sensors
or incidents, the statistical relationships reported here, including
the near-zero feature—label correlation in Section V, the
resulting recall ceiling for High-risk, and the agent-escalation
precision profile in Section IV-C, reflect this synthetic
generation process rather than real Hajj crowd dynamics. This is
consistent with broader evaluation frameworks for synthetic
tabular data, which distinguish fidelity from downstream utility
and find that strong utility does not guarantee the underlying
relationships match real-world data [48]. A real-world dataset
could plausibly show stronger or weaker associations than
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measured here, so the performance gaps, alert volumes in
Table V, and precision figures in Section IV-C should be read
as illustrative of this synthetic setting rather than predictive of
real operational performance.

C. Construct Validity

Risk labels come from a weighted scoring function rather
than verified incident records, making this a risk-prioritization
tool rather than a confirmed incident predictor. Agent-alert
precision against real incidents cannot be assessed without
ground-truth annotations, which this dataset lacks. A check
against the internal risk-score proxy (Section IV-C) found that
none of the 19 agent-driven escalations beyond ML-only
predictions corresponded to a true High-risk label, so High-risk
alert counts should accordingly be read as proxy-based output,
not confirmed real-world events.

D. Statistical Validity

Evaluation used a single dataset with one fixed train/test
split. McNemar's test confirms the XGBoost+tSMOTE
improvement is statistically significant (y*> = 69.218, p < 0.001),
but a single split may not generalize across seeds or partitions.
Bootstrap resampling (1,000 resamples) gave 95% confidence
intervals 0of 47.35% [45.20%, 49.55%] for accuracy and 13.76%
[9.23%, 18.60%] for High-risk recall, confirming the point
estimates are stable under resampling, though this does not
address variation across different training seeds. To address that
directly, the full pipeline was repeated across 10 independent
seeds (0, 1,2,3,4,7,13, 21,42, 99): accuracy averaged 47.08%
(SD = 0.55%), F1 averaged 45.97% (SD = 0.46%), and High-
risk recall averaged 0.134 (SD = 0.017). The seed = 42 result
reported throughout this study falls within one standard
deviation of this mean on every metric, confirming it is
representative rather than a favorably chosen outlier. The mutual
information analysis in Section V was similarly stable across k
= 3, 5, and 10, confirming the near-absence of nonlinear
association is not an artifact of a single parameter choice.
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