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Access to quality healthcare is a persistent challenge for refugee populations globally, particularly in conflict-affected
regions with limited resources. The use of Artificial Intelligence (AI) might ease the challenge. Thus, this article
explores the development of a predictive analytics model for forecasting patient outcomes within the healthcare system
operated by the United Nations Relief and Works Agency for Palestine Refugees in the Near East (UNRWA) in Syria.
A Machine Learning (ML) model development process was used to build a predictive analytics model capable of
identifying patients at high risk of hospital readmission within 30 days of discharge, using synthetic fromdata with
1000 patients. The model was evaluated and achieved an accuracy of 88%, suggesting its potential effectiveness in
supporting early intervention and resource prioritization in humanitarian health settings. Thus, the model can be a
potential tool for data-driven decision-making that can improve healthcare outcomes within the UNRWA health
system. To provide insights for scholars and practitioners, a framework titled ‘Humanitarian ML Readiness Framework
(H-MLRF)’ is proposed. The framework suggests key activities and their deliverables for developing and applying
predictive analytics models in humanitarian settings. Thus, the article contributes to discourse on development of

predictive analytics and ML models.

Keywords: predictive analytics model, humanitarian healthcare system, artificial intelligence

Introduction

Predictive analytics has emerged as a transformative tool
in modern healthcare, offering new opportunities to
anticipate patient outcomes, enhance clinical decision-
making, and optimize healthcare delivery. It refers to
the use of statistical techniques, machine learning algor-
ithms, and historical data to forecast future events or
trends within a healthcare setting (Arowoogun et al.
2024). Unlike traditional retrospective analysis, predic-
tive analytics enable proactive interventions by identify-
ing patients at risk of adverse events such as hospital
readmissions, disease progression, or treatment
complications.

Over the past decade, healthcare systems in high-
income countries have increasingly adopted predictive
analytics to improve outcomes and reduce costs. One
widely studied application is the prediction of hospital
readmission risk, particularly for patients with chronic
conditions such as heart failure, diabetes, and chronic
obstructive pulmonary disease (Kansagara et al. 2011).
By identifying patients at high risk of readmission
before discharge, hospitals can implement targeted inter-
ventions, such as follow-up calls, medication adjustments,
or personalized care plans, thereby reducing avoidable
readmissions and improving patient safety. Another sig-
nificant application lies in early warning systems, where

predictive models are integrated into electronic health
records to monitor patient vitals in real time and flag dete-
riorating conditions.

Predictive analytics has also been applied to popu-
lation health management, enabling healthcare systems
to stratify patients by risk and allocate preventive
resources accordingly. Large health systems, such as
Kaiser Permanente and the Veterans Health Adminis-
tration in the United States, have successfully used predic-
tive tools to guide chronic disease management,
vaccination campaigns, and mental health support
(Beam and Kohane 2018). Similarly, in the United
Kingdom, the National Health Service (NHS) has incor-
porated such predictive tools to enhance early detection
of clinical deterioration, using Modified Early Warning
Score as key benchmarks. This kind of system enhances
clinical responsiveness and supports data-informed
decisions that can be lifesaving in high-pressure
environments.

Despite the growing body of evidence supporting pre-
dictive analytics, its adoption remains uneven. Most
success stories come from well-resourced environments
with access to large, high-quality datasets, advanced
infrastructure, and skilled personnel. In contrast, low-
resource settings — especially those operating in humani-
tarian contexts — face considerable barriers to leveraging
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these technologies. These include limited digital health
infrastructure, lack of standardization in data collection,
and constraints in technical capacity. However, recent
advances in open-source machine learning platforms
have increased awareness of the benefits of data-driven
healthcare, and the growing availability of anonymized
datasets have started to shift this trend. Pilot projects in
countries such as Rwanda and India have demonstrated
that simplified, interpretable predictive analytics models
can be deployed effectively even in low-resource environ-
ments, where they can contribute to maternal health moni-
toring, infectious disease surveillance, and triaging
emergency cases (Davenport and Kalakota 2019).

Thus, this article aims to analyze roles of Artificial
Intelligence (Al) in the healthcare sector by exploring
how predictive analytics model, particularly through
machine learning (ML) model, can be applied to
improve patient outcomes. To achieve its aim, this
article provides answers to the following research
questions.

e How can predictive analytics be developed in order to
forecast patient situations, such as hospital re-admission
and complication risks?

¢ How can predictive analytics model be used to improve
healthcare services in humanitarian environments?

These questions aim to examine how ML models can
be designed and trained to analyze patient data, such as
demographics, medical history, and vital signs to predict
adverse health events before they occur. In high-resource
settings, such models have already demonstrated success
in forecasting hospital readmissions and complications,
particularly when applied to structured clinical data (Raj-
komar, Dean, and Kohane 2019). However, this article
explores the feasibility and potential adaptation of such
models in a low-resource, especially conflict-affected
environment such as Sudan, Syria, and Gaza, where infra-
structure, digital systems, and real-time data are often
limited. In short, it investigates humanitarian healthcare
systems. Its main goal is to understand how predictive
analytics models can support proactive interventions,
reduce preventable hospital wvisits, and ultimately
improve patient care in this challenging context. The
article is structured as follows: research background,
research methodology, application of predictive analytics
model, practical implications and conclusion.

Research background

The healthcare sector is among the most highly regulated
industries because it concerns people’s safety (Gbadege-
shin, 2019b). Thus, its operations consist of systematic
processes for the efficient, effective and safe delivery of
medical services (McLaughlin, Olson, and Sharma
2022). Meanwhile, the advent of digitalization has
helped shape the healthcare sector, especially its pro-
cesses and management (Gbadegeshin 2019a, 2019b;
Shaheen 2021). One of the digital technologies that
shapes healthcare is Artificial Intelligence (AI), which is
described as a system capable of acting independently
with little or no human input (Gbadegeshin et al., 2021).
Al has been applied in healthcare organizations for

different purposes, such as improving accuracy and effi-
ciency, promoting better experience of patients and redu-
cing costs. Hence, it influences how various healthcare
operations are conducted (Nichols 2025; Saraswat et al.
2022; Vainanen et al. 2021).

To improve accuracy and efficiency, many healthcare
organizations are integrating Al into their clinical activi-
ties to improve their clinical decision-making by allowing
Al to access real-time patient data. This enables clinicians
to obtain up-to-date, relevant information about patients
to make informed decisions. With the integration of Al,
healthcare organizations are able to offer continuous
support to their patients and ensure continuity of care
(Véidndnen et al. 2021). These are possible with the pre-
dictive capability of Al (Saraswat et al. 2022; Vaéninen
et al. 2021). This capability is achieved by predictive ana-
lytics, which depends on ML models.

ML is the ability of a computing model to identify
complex, nonlinear relationships among variables and to
generate accurate predictions from multidimensional
datasets. Unlike traditional statistical methods that often
assume linearity and normality, ML offers flexibility
and adaptability, essential traits when dealing with the
uncertainty and variability of healthcare data (Bzdok
et al. 2018). While ML has rapidly gained traction in
well-resourced healthcare systems, its application in
low-resource and humanitarian settings is still emerging.
These environments are typically characterized by
limited infrastructure, fragmented or paper-based data
systems, scarcity of trained personnel, and frequent dis-
ruptions due to conflict or displacement. However, the
pressing healthcare needs in such contexts make them
prime candidates for innovative, scalable, and cost-effec-
tive solutions, with predictive analytics as a promising
example (Yozwiak et al. 2019).

A major barrier to implementing ML in humanitarian
healthcare is the limited availability of real-time data and
the absence of integrated digital systems. Clinics are oper-
ated by agencies such as the United Nations High Com-
missioner for Refugees (UNHCR), World Health
Organisation (WHO), and United Nations Relief and
Works Agency (UNRWA). These agencies often function
with minimal electronic health record (EHR) systems, if
any. Consequently, the ability to gather sufficient, struc-
tured data for training ML models is limited (Wirtz
et al. 2017). Nevertheless, recent research has shown
that synthetic data generation, transfer learning, and light-
weight ML algorithms can help bridge some of these
gaps, enabling meaningful predictions even with small
or incomplete datasets (Fritz et al. 2021).

In field studies, ML has been successfully used to
support disease surveillance, triage systems, and resource
forecasting in fragile settings. For example, during the
Ebola outbreak in West Africa, predictive analytics
models were deployed to forecast disease spread and
identify high-risk communities, enabling more focused
interventions (Fleming 2017). In South Asia and Sub-
Saharan Africa, ML models have been implemented to
predict maternal mortality, malnutrition risk, and
vaccine hesitancy with reasonably high accuracy,
despite data scarcity and infrastructure limitations
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(Saria, Butte, and Sheikh 2018). The key to success in
these settings is adaptability. Unlike high-resource con-
texts where computational complexity and data size are
not limiting factors, models designed for humanitarian
use must prioritize interpretability, ease of use, and
minimal computational demands.

Despite growing interest in applying ML to health-
care, there remains a significant gap in both the academic
literature and practical applications regarding its use in
humanitarian settings. Most existing studies and predic-
tive healthcare models have been developed and tested
in high-resource environments, where access to large,
structured datasets, robust digital infrastructure, and
highly skilled personnel is assumed (Beam and Kohane
2018; Kansagara et al. 2011). As a result, the existing lit-
erature often overlooks the constraints and ethical sensi-
tivities that are unique to low-resource, crisis-affected
healthcare environments. Furthermore, the existing ML
models often require real-world patient data for training,
something that is difficult or unethical to access in
‘refugee contexts’ due to privacy, security, and political
concerns (International Committee of the Red Cross,
ICRC 2020; UNHCR 2021). Hence, the novelty of this
article lies in its intersection of ML and humanitarian
health services. Its research process is discussed in the
next section.

Methodology

This article adopted a machine learning (ML) model
development process involving the systematic transform-
ation of raw data into a deployable predictive system. The
process typically begins with problem definition, in which
objectives, success criteria, and operational constraints
are specified clearly (Bishop 2006). It is followed by
data collection and preprocessing, including data clean-
ing, handling missing values, normalization, and feature
engineering to improve model performance (Géron
2019). The dataset is then divided into training, vali-
dation, and test sets to support generalizability. The
process also includes model selection, whereby appropri-
ate algorithms, such as decision trees, support vector
machines, or neural networks, are chosen in line with
the problem type and data characteristics (Murphy
2012). During training, the model learns patterns by mini-
mizing a loss function through optimization techniques
such as gradient descent. Hyperparameter tuning, often
implemented through cross-validation, is then used to
improve predictive accuracy and reduce overfitting. The
process concludes with model evaluation, which relies
on metrics such as accuracy, precision, recall, F1-score,
ROC-AUC (receiver operating characteristic area under
the curve), or mean squared error, depending on
whether the task is classification or regression (James
et al. 2021). Once validated, the model can be deployed
into practice, while continuous monitoring and retraining
help to prevent model drift and maintain long-term
reliability.

Given the aim and research questions of this article,
the ML model development process was appropriate
because it enabled a structured exploration of predictive
healthcare modelling (Chen et al. 2021). The article is

exploratory and developmental in nature, seeking not
only to produce a technically sound predictive model
but also to assess the feasibility, value, and limitations
of deploying predictive analytics within the operational
realities of low-resource healthcare systems. For this
reason, the UNRWA refugee healthcare context in Syria
was selected as the empirical setting. UNRWA is the
primary provider of healthcare services for Palestinian
refugees across the Middle East, including Syria. It pro-
vides a comprehensive package of care comprising
primary healthcare, maternal and child health services,
chronic disease management, and psychosocial support
for more than five million refugees. However, its oper-
ations are constrained by underfunding, supply shortages,
damaged infrastructure, and limitations in digital data
systems (UNRWA 2023). In such a setting, innovative
digital solutions are needed to improve healthcare deliv-
ery and planning. Predictive analytics can help shift
health systems from reactive to proactive approaches by
identifying at-risk patients, optimizing resource allo-
cation, and enabling earlier interventions. In addition,
the protracted civil war in Syria, ongoing since 2011,
has led to the destruction of healthcare infrastructure,
repeated displacement, and widespread poverty. As a
result, access to consistent and high-quality healthcare
has become increasingly difficult for refugee communities
(Smith, Jones, and Brown 2021).

The following subsections describe the research
process, including synthetic data generation, key feature
selection, preprocessing steps, model development pro-
cedures, and evaluation metrics used to implement this
research design.

Synthetic data generation

Due to the sensitive nature of the study context, the use of
real patient records was not permitted. Refugee health
data is governed by strict legal and ethical frameworks
designed to prevent privacy breaches, discrimination,
and misuse of sensitive information (ICRC 2020;
UNHCR 2021). To enable predictive model development
under these constraints, synthetic data was used. Metho-
dologically, synthetic data generation is justified when
access to real-world data is restricted by privacy,
consent, security, or political concerns, yet analytic devel-
opment and reproducibility remain necessary. Synthetic
data is expected to preserve key statistical properties of
the source population without exposing identifiable indi-
viduals, thereby reducing disclosure risk when compared
with releasing raw microdata (El Emam, Mosquera, and
Bass 2020; Rubin 1993). As Jordon, Yoon, and van der
Schaar (2019) argue, synthetic data generation should
be accompanied by transparent assumptions and vali-
dation procedures to demonstrate statistical fidelity and
practical utility.

Following Jordon, Yoon, and van der Schaar (2019),
the synthetic dataset was generated through a structured
process that combined external population statistics with
clinically plausible dependency rules. First, the variable
schema was defined to reflect the minimum dataset
required for a hospital readmission model in a humanitar-
ian health setting. Second, marginal distributions were
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parameterized from authoritative literature so that the syn-
thetic records reflected the demographic and clinical
profile of Palestinian refugees served by UNRWA
through the following sources:

e Age and gender distributions were parameterized using
UNRWA’s official health and population statistics
(UNRWA 2023).

e Chronic illness prevalence, including diabetes and
hypertension, was modelled using refugee health sur-
veillance and related healthcare literature (Kumar
et al. 2025; Saria, Butte, and Sheikh 2018; WHO 2020).

» Hospital admission frequency was calibrated using evi-
dence from humanitarian health service utilization pat-
terns reported by Al-Jadba et al. (2024).

o Past surgeries, admission dates, and vital signs were
generated from bounded clinical ranges and care pat-
terns reported for low-resource healthcare settings (Al-
Jadba et al. 2024; Makhoul, Chaiban, and Al-Hajj 2025).

Third, dependencies between variables were intro-
duced to preserve clinically meaningful relationships,
for example between chronic illness burden, prior admis-
sions, complication risk, and readmission. This process
made it possible to generate records that were realistic
enough for methodological testing while remaining fully
artificial.

Using the above-mentioned steps and parameters, a
dataset of 1000 synthetic patient records was generated,
with each record representing a unique synthetic indi-
vidual rather than a real patient. In practical terms,
age and gender were sampled first, chronic illnesses
were then assigned using prevalence-informed probabil-
ities, and service-use variables, admission dates, surgery
histories, and vital signs were generated through rule-
based and distribution-based sampling consistent with
the cited literature. The target variable, readmission
within 30 days, was subsequently assigned so that the
dataset preserved a plausible event rate and clinically
meaningful relationships between risk factors and out-
comes. Microsoft Excel was used for the initial
schema design and quality checks, while Python,
using pandas and numpy, was used for preprocessing
and model development. The key variables included in
the dataset are presented in Appendix Al and summar-
ized below:

e Demographics: Age (integer) and Gender (categorical:
Male/Female)

¢ Medical History: Chronic illness type (categorical), Past
surgeries (numeric count)

o Service Utilization: Number of prior hospital admis-
sions, Average length of stay

e Vitals: Blood pressure (mmHg), Glucose level (mg/dL),
Heart rate (bpm)

e Current Treatment: Medication type (categorical), Com-
plication risk level (categorical: Low/Medium/High)

o Target Variable: Readmission within 30 days (binary: 0
=No, 1=Yes)

o Admission Date: Date field used for temporal analysis of
hospitalizations and for possible future time-series
modelling.

The above variables were selected because they
capture the clinical, behavioural, and temporal signals
required for ML model development. Demographic vari-
ables, such as age and gender, provide baseline stratifica-
tion and support fairness checks across subgroups (James
et al. 2021). Medical history captures comorbidity burden
and prior clinical complexity, both of which are important
predictors of future service utilization and adverse out-
comes, while also improving the clinical interpretability
of the model (Hastie et al. 2009). Service-utilization vari-
ables, such as prior admissions and average length of stay,
reflect accumulated disease burden, continuity of care,
and access patterns, all of which are often highly predic-
tive in readmission studies (Géron 2019). Vital signs,
including blood pressure, glucose, and heart rate, rep-
resent near-term physiological status and therefore
improve sensitivity to acute deterioration (Bishop 2006).
Current treatment and complication risk capture clini-
cian-assessed severity and therapeutic intensity, thereby
acting as useful proxies for latent clinical factors not
directly observed in raw measurements (Murphy 2012).
The target variable, 30-day readmission, defines the
supervised learning objective and therefore requires
robust evaluation because of the potential for class imbal-
ance (James et al. 2021). Finally, admission date supports
temporal validation, drift detection, and future time-aware
modelling, thereby reducing leakage and improving gen-
eralisability (Hastie et al. 2009).

To examine whether the generated synthetic data sat-
isfied the methodological expectations outlined by Bishop
(2006), Géron (2019), Murphy (2012), and Jordon, Yoon,
and van der Schaar (2019), the dataset was validated using
multiple association tests. Pearson and Spearman corre-
lations were computed for age, past surgeries, prior
admissions, systolic blood pressure, glucose, heart rate,
complication risk, admission date, and readmission. The
results showed, for example, a strong Pearson association
between prior hospital admissions and complication risk
(r=0.749). Cramér’s V was also used to examine categ-
orical associations and showed the strongest relationship
between chronic illness type and medication type (V=
0.627). In addition, mixed associations estimated using
eta indicated a strong relationship between chronic
illness type and glucose level (#=0.792). The
dataset also retained a readmission prevalence of 19.5%.
Details of these tests are presented in Appendices A2—
A6. Collectively, these results suggest that the synthetic
dataset preserved sufficient internal structure to support
ML model development and evaluation.

Dataset preprocessing

In line with Géron (2019) and Murphy (2012), the dataset
was preprocessed by converting each categorical variable
into a machine-readable numerical representation. Binary
and ordinal variables, such as gender and complication
risk, were encoded directly, while other categorical vari-
ables were transformed in a way that preserved model
compatibility. Numerical variables were then standar-
dized. Z-score normalization was applied to centre and
scale variables such as age, length of stay, and vital
signs, ensuring that differences in feature scale did not
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disproportionately influence the model. Because the
dataset was synthetic, no missing values were present.
Nevertheless, the codebase included conditional logic to
drop or impute missing values in order to maintain robust-
ness for future real-world applications. A final stage of
feature engineering tested derived indicators, such as
admission density (number of admissions divided by
age), during exploratory analysis; however, these engin-
eered variables were excluded from the final model in
order to preserve interpretability. All preprocessing steps
were undertaken in accordance with the recommendations
of Géron (2019), Jordon, Yoon, and van der Schaar
(2019), and Murphy (2012).

ML model development

Beam and Kohane (2018) and Kansagara et al. (2011)
state that the predictive analytics model is expected to
serve as a clinical decision-support tool, helping frontline
staff in humanitarian settings identify high-risk patients
for early intervention, efficient follow-up, and optimized
resource use. Therefore, a modular ML pipeline was
developed to predict whether a patient receiving health-
care services from UNRWA is likely to be readmitted
within 30 days of discharge. The model was implemented
in Python 3.12.4 and executed using plain-text scripts via
the Windows command line. This environment was
selected to reflect a low-infrastructure setup, allowing
reproducibility in real-world humanitarian contexts
where advanced computational tools may not be available
as it was mentioned by Van Rossum and Drake (2009).
The entire pipeline was modularized across individual
scripts to improve clarity, maintainability, and operational
adaptability. The pipeline was also divided into two
phases, where each phase consisted of complication risk
scoring, preprocessing, model training or prediction, and
Excel-based outputs.

e Phase 1: Learning from historical patient data with
known admission outcomes

e Phase 2: Predicting readmission risk for new patient data
without known outcomes

Training of generated synthetic data

Half of the synthetic dataset was used as historical data for
model training and was designed to replicate clinical features
typically observed among Palestinian refugees accessing
UNRWA healthcare services. Data preprocessing was
carried out using the pandas and numpy libraries, as rec-
ommended by McKinney (2010), while model training and
evaluation were implemented using scikit-learn, following
Pedregosa et al. (2011). The model and transformation arte-
facts were saved for reuse using joblib. Each record in the
dataset included demographic variables (age and gender),
medical history (chronic illnesses, allergies, surgeries, and
medications), healthcare utilization indicators (number of
admissions and length of stay), vital signs (blood pressure,
glucose, and heart rate), admission date, and a target variable
indicating whether the patient was readmitted within 30 days,
in line with Kumar et al. (2025), UNRWA (2023), WHO
(2020), and Saria, Butte, and Sheikh (2018). During model
training, the following steps were undertaken:

e Step 1: Assigning complication risk: A complication
risk score was assigned to each patient using customized
logic embedded in the script. The script is named as
‘assign_complication_risk.py’. This logic considers
abnormal vital signs, chronic disease presence, surgery
history, and allergy load to classify each patient as
Low, Medium, or High risk for post-discharge compli-
cations. These thresholds were informed by clinical
guidelines and similar early warning scoring systems
(Han, Kamber, and Pei 2012; Obermeyer and Emanuel
2016). The addition of this engineered feature helped
the model account for underlying health severity in its
predictions. A full code version is provided in Appendix
A7.

Step 2: Loading and reviewing the data: The output from
Step 1, stored in the script workflow as ‘load data.py’,
was loaded through the pandas library following
McKinney (2010). This step was used to examine com-
pleteness, data types, and column consistency, thereby
ensuring that the input data was ready for
transformation.

Step 3: Preprocessing the data: In this step, the script
‘data_preprocessing.py’ prepared the dataset for model
training. Categorical variables such as gender, chronic
illness type, medication class, and complication risk
level were encoded into numerical representations. For
example, male was coded as 1 and female as 0, while
risk levels were encoded as Low =0, Medium =1, and
High=2. Continuous variables such as glucose level,
blood pressure, and heart rate were standardized using
Z-score normalization, as advised by Kuhn and
Johnson (2013), in order to avoid bias in model training
arising from feature-scale disparities, as explained by
Han, Kamber, and Pei (2012). The fully processed
dataset was then saved as ‘processed patient data.xIsx’.
Table 1 provides the coding structure in greater detail.
Step 4: Model training and evaluation: Model training
was conducted using a script named ‘model crea-
tion.py’. The Random Forest classifier was selected
because of its robustness, ability to model non-linear
relationships, and relative interpretability in healthcare
prediction tasks (Breiman 2001). The model was
trained using 80% of the dataset, with the remaining
20% reserved for testing. The main target variable was
whether the patient was readmitted within 30 days.
Because class imbalance was possible, with fewer read-
mitted patients than non-readmitted patients, Synthetic
Minority Oversampling Technique (SMOTE) was con-
sidered to reduce underrepresentation of the minority
class (Chawla et al. 2002). However, SMOTE can intro-
duce risks such as leakage, noise amplification, and
unrealistic samples. To manage these risks, the work-
flow was designed carefully. First, data leakage was pre-
vented by applying oversampling only to the training
data, in line with Kuhn and Johnson (2013) and Lemai-
tre, Nogueira, and Aridas (2017), who recommend that
oversampling be performed within each cross-validation
fold. Second, a suitable variant was selected: mixed
numeric and categorical features were handled using
SMOTENC, while SMOTETomek was considered for
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Table 1: Mapping of categorical features to numeric values.

Feature
Gender Male
Female
Hypertension
Asthma
Diabetes
Heart Disease
Arthritis
Chronic Kidney Disease
Stroke
Cancer
COPD
Unknown -
Allergies Dust
Pollen
Mould
Animal Dander
Food
Shellfish
Unknown -
Complication Risk Low
Medium
High
Unknown

Category Mapped value

Chronic Illnesses

—_ N = O = AWM RAWN——= O3 UNDWN— O —

removing ambiguous points, following Chawla et al.
(2002) and Lemaitre, Nogueira, and Aridas (2017).
Third, hyperparameters were tuned to avoid imposing
an artificial 50/50 class balance and to promote cali-
bration, as suggested by He and Garcia (2009).
Finally, imbalance-robust metrics, such as precision-
recall performance, Fl-score, and recall, were priori-
tized, and probability calibration was considered when
determining decision thresholds (Chicco and Jurman
2020; He and Garcia 2009; Pedregosa et al. 2011).
The trained model, together with its preprocessing
scaler and encoder, was saved using joblib to support
future reuse in prediction tasks.

Prediction from the trained synthetic dataset

Once the model had been trained and evaluated, it was
applied to the second half of the synthetic dataset. This
dataset was tailored for prospective-style prediction
through the following steps:

e Step 1: Complication risk scoring on new data: Using
the script ‘assign complication risk 2025.py’, new
patient records were evaluated using the same logic as
the historical records in order to assign a complication
risk level. This ensured that risk-related patterns were
encoded consistently across the training and prediction
datasets, as explained by Lundberg and Lee (2017).

o Step 2: Data transformation for new patients: The script
‘data_preprocessing 2025.py’ applied the same encod-
ing and normalization procedures to the new dataset.
Care was taken to use the original model’s encoder
and scaler so that the input structure remained consistent
and potential distributional shifts were minimized, as
recommended by Wang and Preininger (2019). The
final input was saved as a structured Excel file.

 Step 3: Generating predictions: Using the script “pre-
dict new data.py’, the preprocessed data was passed

to the trained model to estimate the likelihood of read-
mission within 30 days. Each patient was assigned a
binary prediction value:

o 1 =patient likely to be readmitted
o 0= patient not likely to be readmitted
The final output, ‘predictions_output.xlsx’, included
all patient features together with the prediction column,
‘Predicted Readmission’. This output could be used by
healthcare workers to identify and follow up patients at
elevated risk, as discussed by Taddeo and Floridi (2018).

Evaluation of developed ML model

To ensure the reliability and clinical usefulness of the pre-
dictive model, the Random Forest classifier was evaluated
on the held-out portion of the labelled synthetic dataset.
The model was assessed using standard classification
metrics, namely accuracy, precision, recall, Fl-score,
and ROC-AUC. These metrics are appropriate in health-
care predictive modelling because class imbalance can
make performance appear stronger than it truly is when
judged by accuracy alone (Chicco and Jurman 2020).
Using the confusion-matrix values reported in this study
(true positives =70, true negatives =69, false positives
=13, and false negatives = 6), the following results were
obtained:

e Accuracy was 0.880 (88.0%): Accuracy measures the
proportion of all predictions that were correct. In this
case, 139 of 158 predictions were classified correctly.
Although this indicates strong overall performance,
accuracy should not be interpreted in isolation because
the dataset contains fewer readmissions than non-
readmissions.

Precision was 0.843: Precision measures the proportion
of patients predicted to be readmitted who were actually
readmitted. This means that approximately 84.3% of
positive predictions were correct, indicating that the
model kept false alarms at a moderate level and did
not excessively over-flag patients.

Recall, or sensitivity, was 0.921: Recall measures the
proportion of actual readmitted patients who were cor-
rectly identified by the model. In practical terms, the
model detected about 92.1% of all readmissions,
which is particularly important in clinical triage
because missed high-risk patients may lead to delayed
intervention.

F1I-score was 0.881: The F1-score is the harmonic mean
of precision and recall and is useful when the aim is to
balance the cost of false positives against the cost of
false negatives. ROC-AUC measures the model’s
ability to discriminate between positive and negative
cases across decision thresholds. Based on the available
classification counts, the implied hard-classification
ROC-AUC was approximately 0.881, suggesting good
discriminative  performance. However, a fully
threshold-independent ROC-AUC should ideally be cal-
culated from predicted probabilities in future implemen-
tations. A confusion matrix was also used to visualize
the classification outcomes, as presented in the follow-
ing Figure 1.
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Figure 1: Confusion matrix for hospital readmission

The confusion matrix shows that 70 readmitted
patients were correctly identified, and 69 patients were
correctly classified as not readmitted. However, 13
patients were incorrectly flagged as readmitted (false
positives), and 6 actual readmissions were missed (false
negatives). This distribution indicates that the model
was more effective at avoiding missed readmissions
than at eliminating all false alarms, a trade-off that is
often acceptable in medical triage contexts where sensi-
tivity is prioritized (Chicco and Jurman 2020).

Taken together, the evaluation results indicate that the
model performed well in predicting 30-day readmissions,
particularly because of its high recall and balanced F1-
score. The model therefore appears suitable as a foun-
dation for risk-based triage and resource allocation in
humanitarian healthcare settings. Nonetheless, future
evaluations should also report probability-based ROC-
AUC, calibration, and external validation results so that
model  performance can be assessed more
comprehensively.

Practical implication of predictive analytics model
The metrics of predictive analytics model developed in
this article show that ML can be a useful tool for forecast-
ing hospital readmission risks in humanitarian healthcare
settings. This implies that by applying predictive models
to generated data reflecting the health profiles of Palesti-
nian refugees in Syria, the developed model can be a
potential tool for data-driven decision-making that can
improve healthcare outcomes and resource allocation
within the UNRWA health system. Similarly, it implies
that the model is in line with findings from global health-
care studies conducted such as Kansagara et al. (2011).
Hence, this suggests that predictive analytics models
could be particularly effective in identifying high-risk
patients and allowing healthcare providers to focus inter-
ventions where they are most needed. For UNRWA, this
means prioritizing patients who are at greater risk of read-
mission, ensuring more timely follow-ups, and ultimately
improving continuity of care in a context where resources
are constrained. Other practical implications of the model
include:

® Resource allocation: Predictive models can identify
regions or populations at high risk of healthcare crises,
such as disease outbreaks or increased healthcare utiliz-
ation, guiding the deployment of mobile health units or

additional staff (Davenport and Kalakota 2019). This

could also help optimize service delivery in areas with

fluctuating demand.
* Budget prioritization: By forecasting treatment costs for
high-risk patients, predictive models could enable
UNRWA to allocate funding more effectively, particu-
larly in resource-constrained settings. For example,
understanding long-term care needs for chronic
disease patients could guide budget planning and help
secure the necessary financial resources (Chawla et al.
2002).
Public health interventions: Predictive models can also
inform public health interventions by identifying pat-
terns of chronic disease, mental health needs, and
other high-risk conditions. For example, launching
chronic disease awareness campaigns in high-risk
camps, where the model predicts a higher prevalence
of diabetes or hypertension, could reduce future health-
care burdens (Taddeo and Floridi 2018). More examples
are:

0 A patient flagged with high complication risk and
multiple past admissions could be automatically
referred to a follow-up team for home visits or telepho-
nic check-ins. This could reduce unnecessary hospital
readmissions and provide more personalized care.

o Clinics could adjust triage protocols to prioritize
high-risk patients, reducing delays in treatment and
possibly preventing a deterioration that leads to read-
mission. Predictive models could optimize patient
flow, improving the speed and accuracy of care.

0 Medication adherence programmes could be targeted
toward patients flagged by the model as having a
higher likelihood of treatment failure. These patients
could receive additional support, such as reminders
or consultations, helping improve health outcomes
and reducing hospital readmissions.

0 By automating aspects of patient management, pre-
dictive models could reduce the cognitive load on
healthcare providers, allowing them to focus on
complex cases or emergencies.

Despite the fact that the developed model is useful, it
has limitations. Firstly, while synthetic data is a powerful
tool for ethical and secure model development, it is a
limitation. Specifically, it may not fully capture the
extreme edge cases, rare clinical conditions, or the behav-
ioural and cultural nuances that influence real-world
healthcare outcomes. In particular, individual variability
in symptom reporting, treatment adherence, and external
social determinants of health may be underrepresented.
Secondly, some important predictors, such as environ-
mental factors or social determinants of health (e.g.
housing stability), were not included in the dataset. Incor-
porating such features could improve the model’s accu-
racy and expand its applicability to real-world refugee
health settings. Additionally, clinical judgment should
complement the model’s outputs. While predictive ana-
lytics can assist in prioritizing care, healthcare providers’
expertise in contextualizing these predictions will remain
crucial, especially in low-resource environments like
those found in refugee populations (Taddeo and Floridi
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2018). Furthermore, the model needs to address the class
imbalance issue needs which can reduce the model’s ten-
dency to favour the majority class (non-readmissions).
Although techniques like SMOTE were identified as
potential solutions, their application in future iterations
should be carefully evaluated to ensure that they do not
introduce new biases or over-sample noise. In addition,
while the algorithm of the model provided interpretable
results, more complex models (such as deep learning
methods) could be explored to better handle the intrica-
cies of healthcare data in humanitarian settings.

Conclusion and application of predictive analytics
model in real-world

So far, this article has established that the use of predictive
models enables data-driven decision-making, which could
lead to more effective and targeted healthcare interven-
tions. By analyzing patterns identified through model
outputs, UNRWA could make more informed decisions
about the allocation of resources, budget prioritization,
and public health interventions. However, it is essential
to note that developing predictive model depends
heavily on organizational readiness and policy alignment.
The technical model itself is only one part of the solution.
This is also noted by Shickel et al. (2018) that for the pre-
dictive analytics models to be effectively integrated into
healthcare systems, the following components are crucial:

o Training programmes for clinical staff: Healthcare
workers must be equipped with the necessary knowl-
edge and skills to interpret and act on the model’s
outputs. This requires targeted training to ensure that
staff can use the model in their daily workflows
effectively.

Standard operating procedures (sops): Clear protocols
must be established for how the model is used in prac-
tice, including data input, interpretation of results, and
clinical follow-up. These SOPs will ensure consistent
application and reduce errors in model usage.
Feedback loops: Predictive models must evolve as
healthcare data and real-world outcomes are collected.
This requires establishing feedback mechanisms to
update and validate model predictions, ensuring they
remain accurate over time. Feedback from frontline
workers and real-time data will be critical for the refine-
ment of these models.

Considering the studies of Fleming (2017), Bzdok
et al. (2018), Saria, Butte, and Sheikh (2018) and
Yozwiak, Schaffner, and Sabeti (2015) who explained
how predictive analytics models could contribute to
better healthcare interventions and outcomes in low-
income communities, it would be conceptually important
to outline how such could be applied in humanitarian set-
tings. Thus, a framework named ‘Humanitarian ML
Readiness Framework (H-MLRF)’ is introduced. H-
MLRF is grounded in the UNRWA model case that
made use of synthetic data, low-infrastructure pipelines,
and strong governance needs. This framework defines 8
pillars which represent key activities that humanitarian
organizations are expected to do with their deliverables.
The pillars are presented in Table 2.

H-MLRF assumes that humanitarian organizations
are expected to ask this readiness question: What
decision will the model support, and who acts on it?
The answer to the question enables the organization to
see how the ML fits its purpose and its workflow. H-
MLREF also assumes that if the ML is line with the organ-
ization’s mission, the next activity is about data respon-
sibility, privacy, and lawful basis because humanitarian
health data has heightened sensitivity and political and
security risk. This activity goes with data readiness and
quality and Governance and risk management activities.
These activities are aligned with recommendations of
WHO (2021, 2019), National Institute of Standards
and Technology (NIST 2023) and ISO/IEC (2023). As
previously explained, humanitarian settings are low-
income; thus, its technical and infrastructure readiness
is constrained. Sculley et al. (2015) advises different
plans such as operation, fail-safe and maintainability
plan are expected to be prepared for technical fails. Simi-
larly, Cruz Rivera et al. (2020), Liu et al. (2020), and
Vasey (2022) state that internal validation and bias
checks are expected to be incorporated into ML develop-
ment purposely to ensure transparency and proper
reporting. Moons et al. (2019) and Moons et al. (2025)
also advise that using PROBAST (Prediction model
Risk of Bias Assessment Tool) is important in order to
assess the risk of bias and applicability of diagnostic
and prognostic prediction model in ML. Training and
retraining people are recommended by WHO (2021)
because such efforts are essential for real-world
integration.

If H-MLRF could be applied, predictive analytics
models would serve as application of Al in healthcare.
This corroborates the findings Zong and Guan (2025)
and Gbadegeshin et al. (2025a, 2025b, 2025c¢) stating
that ML is a key technology behind Al. Similarly, it can
be concluded that Al improves efficiency and effective-
ness of healthcare operations as it was mentioned by
McLaughlin, Olson, and Sharma (2022), Saraswat et al.
(2022); Véandnen et al. (2021). Meanwhile, it is
suggested that predictive analytics models and Al
should not be viewed as a replacement for human exper-
tise but rather as a complementary decision-support tool
(Alshamsi and Gbadegeshin 2025; Bhuiyan, Gbadege-
shin, and Gbadegeshin 2026) because human judgment
remains essential in healthcare delivery.

This article contributes to discourse on predictive ana-
lytics models, and uses of ML. It also contributes to the
use of digital technologies in humanitarian healthcare
systems. Thus, it is recommended that embedding predic-
tive analytic tools within a broader digital health trans-
formation agenda can be incorporated into humanitarian
principles and once they are validated with actual
refugee health records, the models could be readily
adapted to UNRWA fields beyond Syria, supporting
more proactive healthcare planning in Jordan, Lebanon,
Gaza, and the West Bank. While the ML model is prom-
ising, it may not fully reflect the complexity of real-world
clinical records. In particular, the lack of accurate histori-
cal patient data may limit the model’s ability to fully learn
the patterns that contribute to hospital readmissions, such
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Table 2: Humanitarian ML readiness framework (H-MLRF).

Pillar

Key activities

Deliverables

1

Mission-fit and clinical workflow
integration

« Decision point mapping (triage/discharge/follow-up)
¢ Harm analysis

¢ Human-in-the-loop Standard Operating Procedures
e Escalation routes

e Humanitarian data responsibility principles

« Risk register (technical, clinical, social, security)

» Controls aligned to Al risk standards such as NIST AI RMF and ISO/IEC 23894

o Fail-safe modes (what happens when system is down)

» Maintainability plan to avoid long-term ‘ML technical debt’

« Internal validation (e.g. stratified CV and temporal validation)

¢ Subgroup performance (age/gender/site)

o Calibration checks (especially if risk scores drive action)

e Transparent reporting using: SPIRIT-AI (protocols), CONSORT-AI (trial
reporting), and DECIDE-AI (early live clinic)

 Applicability assessment using tools such as PROBAST and newer ML-focused

extensions like PROBAST + Al

2 Data responsibility, privacy, and lawful e Data minimization
basis « Data access controls
« Incident response
3 Data readiness and quality ¢ Minimum viable dataset
¢ Data coding standards
¢ Data missingness strategy
e Data bias checks
« Data quality audits
4 Governance and risk management across
the lifecycle ¢ Model accountability
» Approvals for each gate
5 Technical and infrastructure readiness « Offline-first operation plan
« Computing requirements
6 Model development, validation, and
transparent reporting
7 Clinical safety, bias, and applicability o Structured risk-of-bias
assessment
8 People, training, and continuous learning

loops

 Role-based training (clinicians, data stewards, IT)
» Model interpretation guidance

o Structured feedback capture

« Retraining/retirement policy

as long-term care gaps or recurrent complications. As a
result, researchers and practitioners are encouraged to
continue examining how different Al and predictive ana-
lytics models can be developed for humanitarian health-
care systems.
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Continued.

Variable Category Count Percent
Chronic illness type CKD 69 6.9
Chronic illness type COPD 86 8.6
Chronic illness type Cancer 43 43
Chronic illness type Diabetes 132 13.2
Chronic illness type Hypertension 249 249
Chronic illness type None/Other 277 27.7
Past surgeries (count) 0 330 33
Past surgeries (count) 1 345 34.5
Past surgeries (count) 2 200 20
Past surgeries (count) 3 89 8.9
Past surgeries (count) 4 28 2.8
Past surgeries (count) 5 6 0.6
Past surgeries (count) 6 2 0.2
Prior hospital admissions (bands) 0 535 53.5
Prior hospital admissions (bands) 01-Feb 291 29.1
Prior hospital admissions (bands) 03-May 160 16
Prior hospital admissions (bands) 06-Dec 14 1.4
Average length of stay (days, bands) 01-Feb 232 23.2
Average length of stay (days, bands) Nov-20 41 4.1
Average length of stay (days, bands) 03-Apr 317 31.7
Average length of stay (days, bands) 05-Jul 315 31.5
Average length of stay (days, bands) 08-Oct 95 9.5
Systolic blood pressure (mmHg, bands) 110-129 276 27.6
Systolic blood pressure (mmHg, bands) 130-139 218 21.8
Systolic blood pressure (mmHg, bands) 140-159 348 34.8
Systolic blood pressure (mmHg, bands) 160+ 100 10
Systolic blood pressure (mmHg, bands) <110 58 5.8
Glucose (mg/dL, bands) 100-125 273 27.3
Glucose (mg/dL, bands) 126-199 237 23.7
Glucose (mg/dL, bands) 200-249 50 5
Glucose (mg/dL, bands) 250+ 5 0.5
Glucose (mg/dL, bands) <100 435 43.5
Heart rate (bpm, bands) 100-119 49 4.9
Heart rate (bpm, bands) 120+ 0 0
Heart rate (bpm, bands) 60-79 487 48.7
Heart rate (bpm, bands) 80-99 398 39.8
Heart rate (bpm, bands) <60 66 6.6
Medication type ACE inhibitor 171 17.1
Medication type Antibiotic 188 18.8
Medication type Anticoagulant 55 5.5
Medication type Beta blocker 104 10.4
Medication type Insulin 55 5.5
Medication type Metformin 77 7.7
Medication type Other 91 9.1
Medication type Statin 153 15.3
Medication type Steroid 106 10.6
Complication risk level High 140 14
Complication risk level Low 600 60
Complication risk level Medium 260 26
Readmission within 30 days 0=No 805 80.5
Readmission within 30 days 1="Yes 195 19.5
Admission year 2023 289 28.9
Admission year 2024 326 32.6
Admission year 2025 323 323
Admission year 2026 62 6.2
Admission month April 63 6.3
Admission month August 86 8.6
Admission month December 91 9.1
Admission month February 107 10.7
Admission month January 114 11.4
Admission month July 60 6
Admission month June 74 7.4
Admission month March 84 8.4
Admission month May 73 7.3
Admission month November 83 8.3
Admission month October 89 8.9

Admission month September 76 7.6
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Appendix A6. Top mixed associations (Eta)
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Categorical Numeric Eta (0-1)
Chronic Illness Type Glucose_mg_dL 0.792
Medication Type Glucose_mg_dL 0.788
Complication Risk Level Prior Hospital Admissions 0.758
Complication Risk Level Age 0.507
Chronic Illness Type Systolic BP_mmHg 0.455
Complication Risk Level Average Length of Stay Days 0.454
Chronic Illness Type Prior Hospital Admissions 0.436
MedicationType Systolic BP_mmHg 0.431
Complication Risk Level Readmission Within 30Days 0.428
Complication Risk Level SystolicBP_mmHg 0.359
Chronic Illness Type Average Length of Stay Days 0.342
Chronic Illness Type Age 0.327
Complication Risk Level Glucose_mg_dL 0.326
Chronic Illness Type ReadmissionWithin30Days 0.307
Chronic Illness Type Heart Rate_bpm 0.288

Appendix A7. python codes for the full scripts

1. assign_complication_risk.py

1 import pandas as pd

2 # Load patient dataset

3 df=pd.read excel(“patient data 2024.x1sx”)
4  # Custom logic to flag high-risk cases based on vitals + history
5 def calculate_risk(row):

6 if (

7 row[‘Number of Admissions’] >3 or

8 row[ ‘Blood_Pressure’] > 150 or

9 row[‘Glucose Level’]>200

10 ):

11 return ‘High’

12 elif (

13 row[ ‘Length_of Stay’]>7 or

14 row[ ‘Heart Rate’]> 100

15 ):

16 return ‘Medium’

17 else:

18 return ‘Low’

19 # Add new column to the dataframe

20 df[*Complication_Risk’] = df.apply(calculate risk, axis=1)

21 # Export excel file

22 dfito_excel(“patient data 2024.xIsx”, index = False)

23 print(“Complication Risk assigned and saved to ‘patient data 2024.xIsx’”’)

2. load_data.py

1 import pandas as pd

2 import os

3 # Get the directory where the script is located

4 script_dir = os.path.dirname(os.path.abspath(__file ))

5 # Build the path to the Excel file dynamically

6 file path = os.path.join(script_dir, ‘patient data 2024.xlsx’)
7 # Load the Excel file

8 df=pd.read_excel(file_path, sheet name = ‘Sheet1’)

9 # Display the first few rows of the data to confirm it loaded properly
10 print(df.head())

3. data_preprocessing.py

1 import pandas as pd

2 import os

3 # Load the dataset from the patient’s data file

4 df=pd.read_excel(‘patient_data 2024.x1sx)

5 # Check if ‘Complication_Risk’ column exists, raise an error if not
6 if ‘Complication_Risk’ not in df.columns:

7 raise ValueError(“The column ‘Complication_Risk’ does not exist. Please run the previous steps first
(assign_complication_risk.py and load data.py).”)

# Chronic Illnesses mapping

9 chronic_illnesses_mapping = {

o]
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10 ‘Hypertension’: 1,

11 ‘Asthma’: 2,

12 ‘Diabetes’: 3,

13 ‘Heart Disease’: 4,

14 ‘Arthritis’: 5,

15 ‘Chronic Kidney Disease’: 6,

16 ‘Stroke’: 7,

17 ‘Cancer’: 8,

18 ‘COPD’: 9,

19 ‘Unknown’: —1 # For unknown values
20}

21  # Allergies mapping

22 allergies_mapping = {

23 ‘Dust’: 1,

24 ‘Pollen’: 2,

25 ‘Mould’: 3,

26 ‘Animal Dander’: 4,

27 ‘Food’: 5,

28 ‘Shellfish’: 6,

29 ‘Unknown’: —1 # For unknown values
30 }

31  # Complication Risk mapping

32 complication_risk mapping = {

33 ‘Low’: 0,

34 ‘Medium’: 1,

35 ‘High’: 2,

36 ‘Unknown’: —1 # For unknown values
37

38  # Gender mapping
39  gender mapping = {

40 ‘Male’: 1,
41 ‘Female’: 0
42 1}

43 # Apply mappings

44 df[‘Gender’] = df] ‘Gender’].map(gender mapping)

45  df[‘Chronic_Illnesses’] = df] ‘Chronic_Illnesses’].map(chronic_illnesses mapping).fillna(—1).astype(int)
46  df]‘Allergies’] = df] ‘Allergies’].map(allergies_mapping).fillna(—1).astype(int)

47  dff‘Complication_Risk’] =df] ‘Complication Risk’].map(complication_risk mapping).fillna(—1).astype(int)
48  # Check the updated DataFrame

49  print(‘Updated DataFrame with Numeric Values:”)

50  print(df.head())

51  # Save the cleaned data to a new Excel file called processed patient data.xlsx

52 output_file = ‘processed patient data 2024.xlsx’

53 # Check current working directory

54 print(f*Current working directory: {os.getcwd()}”)

55  # Save the cleaned data to a new Excel file

56 try:
57 df.to_excel(output_file, index = False)
58 print(f“\nData processing complete. The cleaned data is saved as ‘{output_file}’.”)

59  except Exception as e:
60 print(f“Error saving the file: {e}”)

4. model_creation.py

1  import pandas as pd

2 from sklearn.model selection import train_test_split

3 from sklearn.preprocessing import StandardScaler

4  from sklearn.ensemble import RandomForestClassifier

5 from sklearn.metrics import classification_report, confusion matrix
6  from imblearn.over sampling import SMOTE
7  import joblib
8

O

# Load processed data

10 df=pd.read excel(‘processed_patient data 2024.xlsx’)

11

12 # Drop ID column

13 if ‘Patient ID’ in df.columns:

14 df = df.drop(columns = [“Patient ID’])

15

16 # Features and target

17 X =df.drop(columns =[‘Readmission_Within 30 Days’, ‘admission_date’])
18 y=df]‘Readmission_Within 30 Days’]
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19

20 # Handle imbalance

21 smote=SMOTE(random_state =42)

22 X resampled, y resampled = smote.fit resample(X, y)

23

24 # Train-test split

25 X train, X test, y train, y_test=train_test_split(

26 X resampled, y resampled, test size=0.2, random_state =42
27 )

28

29 # Scale the features

30 scaler = StandardScaler()

31 X train_scaled = scaler.fit_transform(X train)

32 X test scaled =scaler.transform(X_test)

33

34 # Train the classifier

35 model = RandomForestClassifier(random_state = 42)

36 model.fit(X train scaled, y train)

37

38 # Evaluate performance

39 y pred=model.predict(X test scaled)

40 accuracy =model.score(X_test scaled, y_test)

41

42 # Save model and scaler

43  joblib.dump(model, ‘trained model.pkl’)

44 joblib.dump(scaler, ‘scaler.pkl’)

45

46 # Print evaluation metrics

47 print(“Model saved as trained_model.pkl”)

48 print(“Accuracy:”, round(accuracy, 2))

49 print(“Classification Report:\n”, classification_report(y_test, y_pred))
50 print(“Confusion Matrix:\n”, confusion_matrix(y_test, y _pred))
51

52  # Get feature importance from the trained model

53 feature importance = model.feature_importances_

54

55 # Create a DataFrame to hold feature names and their importance
56 feature names = X.columns

57 feature importance df=pd.DataFrame({

58 ‘Feature’: feature names,

59 ‘Importance’: feature importance

60 })

61

62 # Sort by importance

63 feature importance df=feature importance df.sort values(by = ‘Importance’, ascending = False)
64

65 # Save to Excel

66 feature importance df.to_excel(‘feature importance.xlsx’, index = False)
67

68 # Print feature importance for review

69 print(“Feature Importance:\n”, feature importance df)

5. assign_complication_risk 2025.py

1 import pandas as pd

2

3 # Load 2025 patient data

4 df=pd.read_excel(“patient _data 2025.xlsx”)

5

6 # Custom logic to flag high-risk cases based on vitals + history
7 def calculate _risk(row):

8 if (

9 row[ ‘Number of Admissions’]>3 or

10 row[‘Blood_Pressure’] > 150 or

11 row[ ‘Glucose_Level’] >200

12 ):

13 return ‘High’

14 elif (

15 row[‘Length_of Stay’]>7 or

16 row[‘Heart Rate’]> 100

17 ):

return ‘Medium’
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19 else:
20 return ‘Low’
21

22 # Add new column
23 df[‘Complication Risk’] = df.apply(calculate risk, axis=1)

25 # Save
26 dfito_excel(“patient data 2025.xIsx”, index = False)
27 print(“Complication Risk assigned and saved to ‘patient_data 2025.xlsx’”)

data_preprocessing_2025.py
import pandas as pd
import os

df=pd.read_excel(‘patient_data 2025.x1sx”)

# Mappings

6.

1

2

3

4 # Load 2025 patient data

5

6

7

8 chronic_illnesses mapping = {

9 ‘Hypertension’: 1, ‘Asthma’: 2, ‘Diabetes’: 3, ‘Heart Disease’: 4,
10 ‘Arthritis’: 5, ‘Chronic Kidney Disease’: 6, ‘Stroke’: 7,

11 ‘Cancer’: 8, ‘COPD’: 9, ‘Unknown’: —1

12

13 allergies_mapping = {

14 ‘Dust’: 1, ‘Pollen’: 2, ‘Mould’: 3, ‘Animal Dander’: 4,

15 ‘Food’: 5, ‘Shellfish’: 6, ‘Unknown’: —1

16 }

17 complication_risk_mapping = {‘Low’: 0, ‘Medium’: 1, ‘High’: 2, ‘Unknown’: —1}
18 gender_mapping = {‘Male’: 1, ‘Female’: 0}

20 # Apply mappings

21 df] ‘Gender’] = df[ ‘Gender’].map(gender _mapping)

22 df] ‘Chronic_Illnesses’] = df[ ‘Chronic_Illnesses’].map(chronic_illnesses mapping).fillna(—1).astype(int)

23 dff‘Allergies’] = df[ ‘Allergies’].map(allergies_mapping).fillna(—1).astype(int)

24 df[‘Complication Risk’] = df[‘Complication_Risk’].map(complication_risk mapping).fillna(—1).astype(int)

26 # Save

27 output_file = ‘processed patient data 2025.xIsx’

28 df.to_excel(output_file, index = False)

29 print(fProcessed 2025 data saved as ‘{output file} )

predict new_data.py
import pandas as pd
import joblib

7.
1
2
3
4 # Load the saved model and scaler
5 model = joblib.load(‘trained_model.pkl’)

6 scaler = joblib.load(‘scaler.pkl”)

7

8 # Load the processed data
df=pd.read_excel(‘processed patient data 2025.xlsx’)

N}

10
11 # Save original Patient IDs (if available)
12 if ‘Patient ID’ in df.columns:

13 patient_ids = df[ ‘Patient_ID’]

14 df = df.drop(columns = [‘Patient_ID’])

15 else:

16 patient_ids = pd.Series(range(1, len(df) + 1), name = ‘Patient_ID’)
17

18 # Separate features and target

19 df'= df.drop(columns = [col for col in [‘Readmission Within 30 Days’, ‘admission_date’] if col in df.columns])
20

21

22 # Scale the input features using the saved scaler

23 X scaled = scaler.transform(df)

24

25 # Make predictions
26 predictions = model.predict(X_scaled)

28 # Prepare the output DataFrame
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29 output_df=pd.DataFrame({

30 ‘Patient ID’: patient ids,

31 ‘Predicted_Readmission_Within 30 Days’: predictions
32 1)

33

34 # Save to Excel

35 output_dfito_excel(‘predictions_output.xIsx’, index = False)
36 print(‘“Predictions saved to predictions_output.xIsx™)

8. model APP.py

1 import streamlit as st

2 import pandas as pd

3 import numpy as np

4 from sklearn.model_selection import train_test split

5 from sklearn.preprocessing import StandardScaler

6 from sklearn.ensemble import RandomForestClassifier
7 from sklearn.metrics import classification_report, confusion matrix
8 from imblearn.over sampling import SMOTE

9 import joblib

10 import io

11 import matplotlib.pyplot as plt

12 import seaborn as sns

13

14 st.set_page config(page title=“UNRWA Readmission Prediction”, layout = “wide”)
15

16 st.title(“Predictive Readmission Model for UNRWA Patients”)

17

18 # File upload

19 st.sidebar.header(“Upload Excel Files™)

20 filel = st.sidebar.file_uploader(“Upload FIRST file (old patient data)”, type = [“xIsx’’])

21 file2 = st.sidebar.file_uploader(“Upload SECOND file (new data to predict)”, type = [“xlsx”])

23 start_prediction = False

24

25 if filel and file2:

26 dfl =pd.read_excel(filel)

27 df2 =pd.read_excel(file2)

28

29 try:

30 if df1[‘admission_date’].min() >= df2[‘admission_date’].min():

31 st.sidebar.error(* A Please upload the OLDER patient data in the first upload box, and the NEWER data in the second
box.”)

32 else:

33 st.sidebar.success(“Files uploaded in correct order. Ready to proceed.”)

34 if st.sidebar.button(“ Start Prediction”):

35 start_prediction = True

36 except Exception as e:

37 st.sidebar.error(f“Error reading admission_date column. Please check your files. Details: {e}”)

38

39 if start prediction:

40 df hist=dfl

41 df new=df2

42

43 # Assign complication risk

44 def assign_risk(df):

45 def calculate risk(row):

46 if (row[‘Number_of Admissions’] >3 or row[‘Blood_Pressure’] > 150 or row[‘Glucose_Level’] > 200):

47 return ‘High’

48 elif (row[‘Length_of Stay’]>7 or row[‘Heart Rate’]> 100):

49 return ‘Medium’

50 else:

51 return ‘Low’

52 df[‘Complication_Risk’] = df.apply(calculate risk, axis=1)

53 return df

54

55 df hist=assign_risk(df hist)

56 df new =assign_risk(df new)

57

58 # Preprocessing

59 mappings = {

60 ‘Chronic_Illnesses’: {
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112
113
114
115
116
117
118
119
120
121
122
123
124
125

126
127
128

‘Hypertension’: 1, ‘Asthma’: 2, ‘Diabetes’: 3, ‘Heart Disease’: 4,
‘Arthritis’: 5, ‘Chronic Kidney Disease’: 6, ‘Stroke’: 7, ‘Cancer’: 8, ‘COPD’: 9
}

‘Allergies’: {

‘Dust’: 1, ‘Pollen’: 2, ‘Mould’: 3, ‘Animal Dander’: 4, ‘Food’: 5, ‘Shellfish’: 6
}s
‘Complication_Risk’: {‘Low’: 0, ‘Medium’: 1, ‘High’: 2},

‘Gender’: {‘Male’: 1, ‘Female’: 0}
}

def preprocess(df, is_training = True):
for col, mapping in mappings.items():
dffcol] = df col].map(mapping).fillna(—1).astype(int)
if is_training:
return df.drop(columns =[‘Patient ID’], errors = ’ignore’)
else:
return df.drop(columns =[‘Patient ID’, ‘Readmission_Within 30 Days’], errors = ‘ignore’)

df hist processed = preprocess(df hist, is_training = True)
df new_processed = preprocess(df new, is_training = False)

# Model training
X =df hist processed.drop(columns = [‘Readmission_Within_30_ Days’, ‘admission_date’], errors = ‘ignore’)
y=df hist processed| ‘Readmission_ Within 30 Days’]

smote = SMOTE(random_state =42)
X _resampled, y_resampled = smote.fit resample(X, y)

X train, X test, y train, y test=train test split(X resampled, y resampled, test size=0.2, random_state = 42)

scaler = StandardScaler()
X train_scaled = scaler.fit transform(X_train)
X test_scaled = scaler.transform(X_test)

model = RandomForestClassifier(random_state = 42)
model . fit(X_train_scaled, y_train)
y_pred = model.predict(X test scaled)

# Prediction on new data

new_scaled = scaler.transform(df new_processed.drop(columns =[‘admission_date’], errors = ‘ignore”))
new_predictions = model.predict(new_scaled)

df new[‘Predicted Readmission’] =new_predictions

# Display performance

st.subheader(“Model Evaluation Metrics™)

accuracy = model.score(X test scaled, y_test)

report = classification_report(y_test, y_pred, output_dict = True)
matrix = confusion_matrix(y_test, y_pred)

st.write(f***Accuracy:** {accuracy:.2f}”)
st.write(“**Classification Report:**”)
st.dataframe(pd.DataFrame(report).transpose())

st.write(“**Confusion Matrix:**”)

fig, ax = plt.subplots()

sns.heatmap(matrix, annot = True, fmt="d’, cmap = 'Blues’, xticklabels =[‘No’, ‘Yes’], yticklabels =[‘No’, ‘Yes’])
ax.set_xlabel(“Predicted”)

ax.set_ylabel(“Actual”)

st.pyplot(fig)

# Feature Importance

st.subheader(‘“Feature Importance™)

importances = model.feature_importances_

feature names = X.columns

imp_df=pd.DataFrame({‘Feature’: feature names, ‘Importance’: importances}).sort values(by = ‘Importance’, ascending

= False)

st.bar_chart(imp_df.set_index(‘Feature’))

# Show feature importance as a table
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129 st.write(“### Feature Importance Table”)

130 st.dataframe(imp_df.style.format({“Importance”: “{:.4f}”}))

131

132 # Prediction Results

133 st.subheader(“Prediction Results on New Data™)

134 st.dataframe(df new[[‘admission_date’, ‘Age’, ‘Gender’, ‘Predicted Readmission’]].head(10))

135

136 # Save to local disk (optional)

137 df new.to_excel(“predicted_results_2025.xIsx”, index = False)

138

139 # Download prediction results

140 output =1i0.BytesIO()

141 with pd.ExcelWriter(output, engine = ’xlsxwriter’) as writer:

142 df new.to_excel(writer, index = False, sheet name = ‘Predictions’)

143 st.download button(“Download Full Prediction Results”, data = output.getvalue(), file name
= “predicted_results_2025.xIsx”, mime = “application/vnd.openxmlformats-officedocument.spreadsheetml.sheet™)

144 else:

145 st.info(*“Please upload both the historical and new patient Excel files to continue.”)

9. shap_explainer.py

1 import shap

2 import matplotlib.pyplot as plt

3 import pandas as pd

4 import joblib

5

6 # Load trained model and scaler

7 model = joblib.load(“trained_model.pkl”)

8 scaler = joblib.load(“scaler.pkl”)

9

10 # Load the 2024 processed dataset

11 df=pd.read_excel(“processed patient data 2024.xIsx”)

12

13 # Select feature columns (drop target, ID, and date)

14 X =df.drop(columns = [“Readmission_Within 30 Days”, “Patient ID”, “admission_date”], errors = ‘ignore’)

15

16 # Scale the features using the same scaler used in training

17 X_scaled = scaler.transform(X)

18 X scaled_df=pd.DataFrame(X_scaled, columns = X.columns)

19

20 # Create SHAP explainer

21 explainer = shap.TreeExplainer(model)

22

23 # Compute SHAP values for scaled features

24 shap values = explainer.shap values(X scaled df)

25

26 # Safely select correct SHAP values shape

27 if isinstance(shap_values, list) and len(shap values) == 2 and shap values[1].shape[0] == X scaled df.shape[0]:

28 shap vals =shap_values[1]

29 else:

30 shap vals =shap_values

31

32 # Plot summary bar chart

33 plt.clf()

34 plt.close(‘all’)

35 # Use SHAP values for class 1 (readmitted)

36 shap.summary plot(shap_vals[:, :, 1], X scaled df, plot_type =“bar”, show = False)

37

38 print(“SHAP value shape:”, shap vals.shape)

39 print(“Feature matrix shape:”, X scaled df.shape)

40 print(“Feature names:”, list(X_scaled_df.columns))

41

42 # Save chart

43 plt.savefig(“shap_summary bar chart.png”, dpi =300, bbox_inches = "tight’)

44 print(“SHAP summary bar chart saved as ‘shap_summary bar chart.png’”’)
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