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ABSTRACT

During pandemics such as COVID-19, it is very important to accurately and quickly predict how bad the
disease will get so that resources and patient care can be used most effectively. This study suggests a dual-
model machine learning framework that uses data from three sources—Electronic Health Records
(EHRs), government-reported case statistics, and social media sentiment trends—to predict ICU
admissions at both the patient and population levels. A Gradient Boosting Machine (GBM) classifier was
trained on structured clinical features, such as age, comorbidities (such as diabetes and high blood
pressure), pneumonia status, and the need for intubation to predict the likelihood of a patient being
admitted to the ICU. This model was 93% accurate and had an AUC of 94.5%. SHAP-based feature
importance showed that age, hypertension, and pneumonia were the best predictors. Using trends in
hospitalization rates, changes in public policy, and social media sentiment over time, a Long Short-Term
Memory (LSTM) model was created to predict how many people will need an ICU over time. This model
was 95% accurate and had a £10% error margin for predicting ICU admissions over the next 14 days. All
data were aligned in time and combined using region-level tags. To improve model performance, data
preprocessing, hyperparameter tuning (using grid search and Bayesian optimization), and comparisons
with baseline models, such as ARIMA and linear regression, were performed. This method shows how
multimodal, easy-to-understand AI models can be used in healthcare decision support systems for real-
time patient triage and hospital capacity planning.

Keywords-COVID-19 severity prediction; ICU admission forecasting; machine learning in healthcare;
Gradient Boosting Machine (GBM); Long Short-Term Memory (LSTM); feature importance analysis; disease
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I.  INTRODUCTION

Accurate prediction of disease severity is urgently needed
to optimize classification, clinical interventions, and resource
allocation in light of the COVID-19 pandemic, which has a
significant impact on global healthcare systems, economies,
and societies [1, 2]. Predictive modelling is essential at both the
population level (e.g., hospital bed prediction) and patient level
(e.g., ICU admission prediction) [3, 4]. However, obstacles
such as rapidly changing viral dynamics, diverse data sources,
and the need for timely information continue to exist [5, 6].

Researchers have used a variety of data sources, such as
government health databases [7], Electronic Health Records
(EHRs) [8, 9], and real-time social media analytics [10, 11], to
address these problems. Numerous modelling approaches have
been proposed, from machine learning algorithms, such as
Logistic Regression (LR) and Random Forests (RF), and deep
neural networks [12, 13] to more conventional epidemiological
approaches such as SEIR and ARIMA [14-16]. With the help
of global datasets assembled especially for COVID-19
modelling [17], multimodal data fusion has also gained
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popularity, taking advantage of search trends [18], radiomics,
X-rays and CT-scans [19], and clinical features [20]. Despite
advances, the main drawbacks of current models are their
dependence on a single source, their inability to adapt to
changes in pandemics [21], their limited regional
generalizability [22], and their lack of interpretability [23].
Furthermore, many do not offer real-time decision support or
take into account dynamic factors such as vaccination effects
and virus variants [24, 25]. According to [26, 27], interpretable,
scalable, and multimodal systems are critical for healthcare
decision-making.

This study suggests a dual-model framework that uses Long
Short-Term Memory (LSTM) networks for ICU demand
forecasting and Gradient Boosting Machines (GBM) for
patient-level ICU classification to address these issues. While
the LSTM model learns temporal trends from government,
hospitalization, and social media data, the GBM model uses
structured clinical features such as age, comorbidities, and
intubation status. The main contributions of this study are a
combined architecture with two models for forecasting at the
micro and macro levels, combining data from multiple sources
to improve prediction, and interpretability based on SHAP for
clinical decision support. In addition, external validation is
conducted across hospital regions to ensure robustness and
applicability.

II. PROPOSED METHOD

This study presents a two-stage machine learning
framework to predict COVID-19 ICU admissions at both the
patient and regional levels. At the micro-level (patient), a GBM
model is trained on structured Electronic Health Records
(EHRs). At the macro-level (regional), an LSTM network is
used to forecast ICU bed demand based on temporal trends in
hospitalization data, policy shifts, and social media sentiment.
The method, shown in Figure 1, encompasses data collection,
preprocessing, model development, and evaluation phases,
ensuring a robust and reproducible approach.

A. Data Collection

This study collected information from three primary
sources, detailed below with their availability and methods of
acquisition.

1) Clinical Data

Through a formal data-sharing agreement, 45,000 de-
identified patient records were acquired from a partner hospital
system. Vital signs, comorbidities, demographics, and clinical
outcomes are all included in the dataset. Due to patient
confidentiality, these data are not publicly available; however,
access was made possible by institutional ethical approval and
HIPAA compliance.

2) Government Data
We made use of publicly accessible datasets from:
e The Centre for Systems Science and Engineering (CSSE) at

Johns Hopkins University's COVID-19 Data Repository
[31].

e COVID-19 Hospital Capacity data from the U.S.
Department of Health and Human Services (HHS) [32].

e For policy indicators, use the Oxford COVID-19
Government Response Tracker (OxCGRT) [33].

The above datasets, which include daily COVID-19 case
counts, hospital occupancy rates, and region-specific policy
stringency indices, cover the period from March 2020 to
December 2022.

3) Social Media Data

Between March 2020 and December 2022, we used the
official Twitter API to scrape 2 million geotagged tweets from
Twitter. Terms like "hospital,” "ICU," "breathless," and
"oxygen" were among the keyword filters. Every tweet was
gathered in compliance with Twitter's Terms of Service and
Developer Policy. Platform policies prohibit the direct sharing
of tweet data; however, upon request, tweet IDs may be shared
for reproducibility purposes.

B. Data Preprocessing

In clinical data, missing values were imputed using multiple
imputations. Categorical variables were label encoded, and
continuous features were z-score normalized. Government data
were aggregated to daily counts and smoothed using a 7-day
moving average. Outliers (values >3¢) were removed. For
social media, tweets were cleaned using NLP preprocessing—
tokenization, stop-word removal, and lemmatization. Sentiment
scores were assigned using VADER and TextBlob, and
temporal alignment was ensured with daily case counts.

TABLE L. DATA PREPROCESING TASKS

Data source Preprocessing tasks

Label encoding, missing value imputation (MICE),

EHR L
z-normalization
Govg;rtl;nent 7-day moving average, outlier capping (>30)

Tokenization, sentiment scoring (VADER, TextBlob),

Social media . ) -
alignment with regional cases

C. Data Integration

All data sources were merged using a horizontal data fusion
technique, aligning datasets on a daily basis via timestamps and
region-level location tags. This allowed for the creation of
composite feature links. The datasets were merged using a
horizontal timestamp-region alignment strategy, where data
were grouped by region and date. Social media sentiment
scores and case counts were joined with hospital admissions
using shared regional tags. This enabled the creation of
composite features such as "negative sentiment per ICU case.”

D. Model Development

This study utilized Recursive Feature Elimination (RFE) to
identify the most predictive variables, reducing dimensionality
and enhancing model performance. Two main models, GBM
and LSTM, were used, chosen based on the structure and
characteristics of the input data. GBM was chosen because it
works well with structured tabular clinical data that contains
many different types of variables, such as comorbidities,
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intubation status, age, and pneumonia diagnosis. GBM is great
for predicting ICU admissions from individual-level clinical
records because it can model nonlinear relationships and
complex feature interactions. LSTM was chosen due to its
ability to model temporal dependencies in sequential time-
series data, such as daily ICU admissions, hospitalizations, and
mobility trends. LSTM networks can find long-term patterns
and lagged effects, which are important for making accurate
predictions in changing pandemic situations. GBM and LSTM
were compared to baseline algorithms to ensure their
effectiveness.

E. Model Evaluation

The performance of the proposed models was compared
against baselines, including simple Linear Regression (LR) and
Auto-Regressive Integrated Moving Average (ARIMA). The
models were evaluated as follows: GBM on patient-level ICU
admission with AUC-ROC, F1-score, and accuracy; LSTM on
ICU demand: MAE, RMSE, and accuracy over 14-day
forecasting windows.

When applied to the external test set, the GBM model
achieved an accuracy of 93% and an AUC of 94.5%. These
results validate the robustness of the GBM classifier across
different healthcare environments and patient populations. The
LSTM model maintained strong temporal forecasting
performance, with an MAE within £11% and an accuracy of
95% This indicates the model's ability to generalize temporal
dynamics across regions, supporting its potential for national or
multi-center deployment. The comparisons with baselines
were: GBM vs. RF and LR, and LSTM vs. ARIMA and LR.

Data Collection Feature Selection

(Govt Reports, Data Data and
Hospltal Records, ™ Preprocessing * Integration LSTM and GBM ML
Soclal Medld) Model

| |

ML Algorithms

|

Bulld Models

!

Evaluate
Performance

Fig. 1. Architecture of the proposed method.

F. Data Analysis and Criteria

The inclusion criteria involved complete records for
essential variables to maintain data integrity. Data points with
significant missing information, inconsistencies, or outliers
beyond three standard deviations were excluded to prevent
skewing results. The proposed method provides a detailed
roadmap for integrating heterogeneous data sources and
applying advanced machine learning techniques to predict
COVID-19 severity. By ensuring meticulous data curation and
robust modeling practices, this approach offers a reproducible
framework that other researchers can adopt and build upon.

G. Hyperparameter Optimization and Regularization

To enhance model performance and prevent overfitting,
both  models underwent systematic  hyperparameter
optimization and regularization. For GBM, grid search was
applied to identify the optimal combination of key
hyperparameters, including learning rate, maximum tree depth,
and number of estimators (trees). Early stopping was used to
terminate training when performance in the validation set no
longer improved, thus reducing overfitting. Shrinkage (learning
rate regularization) was also implemented to penalize overly
aggressive updates during boosting iterations.

For the LSTM model, Bayesian optimization was employed
to efficiently explore the hyperparameter space. Tuned
parameters included the number of LSTM layers, the number
of hidden units per layer, and the dropout rate. To mitigate
overfitting, dropout layers were incorporated between recurrent
and dense layers, L2 regularization was applied to the loss
function, and early stopping was implemented based on
validation loss monitoring.

This careful tuning strategy ensured that both models
achieved strong generalization capability across varied data
partitions and helped minimize variance during inference on
unseen samples.

H. Algorithms

1) Algorithm I1: LSTM

LSTM networks are a type of Recurrent Neural Networks
(RNNs) designed to capture long-term dependencies in
sequential data, making them suitable for time-series
forecasting tasks such as predicting COVID-19 severity. An
LSTM unit comprises several components: the cell state (C;),
hidden state (h;), input gate (i;), forget gate (f;), and output
gate (0;). The interactions among these components are
governed by the following equations.

The forget gate determines the extent to which the previous
cell state (C;_,) is retained, and is activated by:

fe= Cr(VVf- [ht—l,xt] + bf) (D

The input gate controls the incorporation of new
information into the cell state, activated by:

ip = oW [he—y, xc] + by) 2)

The candidate cell state represents
information to be added to the cell state.

~C; = tanh (W¢. [h¢—y, %] + D) (3)

potential new

The updated cell state is given by:
Ct=ft-Cooq + ip.~Cy (€]
where dot (.) denotes element-wise multiplication.

The output gate determines the output based on the cell
state, and is activated using:

0 = (W, [he_1, %] + bo) 5)
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The hidden state (output) is given by:
h; = o;.tanh(C;) (6)

In these equations, o denotes the sigmoid activation
function, and tanh represents the hyperbolic tangent function.
The weight matrices Wy, W;, W, and W, along with the bias
vectors by, b;, b., and b, are parameters learned during the
training process.

2) Algorithm 2: GBM

GBM is an ensemble learning technique that builds models
sequentially, with each new model aiming to correct the errors
of its predecessor. The algorithm minimizes a specified loss
function by combining weak learners, typically decision trees,
to form a strong predictive model. The key steps in the GBM
algorithm are as follows. First, the model is initialized using:

Fo(x) = argmin(y ¥, L(vi, 7)) (7

where L represents the loss function, and y is a constant that
minimizes the loss over all training instances. The following
steps are in an iterative process, form = 1 to M:

a) Step 1: Compute Pseudo-Residuals
_ _SLiFm-1(x)
Tim = — [y 2 S ®)
These residuals represent the negative gradients of the loss
function with respect to the current model's predictions.

b) Step 2: Fit a Weak Learner

Train a base learner h,,(x) (a decision tree) to predict the
pseudo-residuals 13y, .

c) Step 3: Compute the Multiplier
$m = argng e L Pt () + $mhin (%) 9

This step determines the optimal contribution of the new
base learner to the ensemble.

d) Step 4: Update the Model
Fn(x) = Fpo1(%) + Emhm (%) (10)

This equation updates the ensemble model by adding the
weighted predictions of the new base learner.

In these equations, n denotes the number of training
samples, y; represents the actual target values, x; is the input
features, and F,,,(x) is the ensemble model at iteration m. The
process is repeated for M iterations to build a robust predictive
model.

By implementing these algorithms, the models were able to
effectively predict COVID-19 severity, leveraging both
temporal dependencies and ensemble learning techniques.
GBM is ideal for structured high-dimensional datasets and
handling heterogeneous features, such as patient age and
comorbidities. Both models outperformed the baseline models
in accuracy and generalizability.

III. RESULTS AND DISCUSSION

A. Data Description

After comprehensive data curation, various datasets
available in [28-33] were compiled into the following two
dataset types.

1) Regional Dataset

This dataset includes daily records from various regions,
each containing approximately 50 features. These features
include the number of COVID-19 cases, hospitalizations,
mobility indices, and average sentiment scores derived from
social media data.

2) Patient-Level Dataset

This dataset consists of thousands of patient records, each
with numerous features such as age, comorbidities, vital signs,
and laboratory markers.

B. Model Performance

This study evaluated the predictive capabilities of the
LSTM and GBM models using accuracy, precision, recall, F1-
score, and AUC-ROC for GBM. Figure 2 shows the ROC
curve for the GBM model, measuring its ability to distinguish
between ICU and non-ICU patients at different classification
thresholds. The closer the curve is to the top left, the better its
performance. The AUC score ensures the model is not making
random predictions and has fewer misclassified patients. Table
II summarizes the performance metrics for both models.

ROC Curve - GBM Model

1.0 4 -
0.8 - //’/
g e
& 0.6 e
£ 041 e
0.2 /’/
// —— GBM ROC (AUC = 0.98)
0.0+~ . . . .
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
Fig. 2. ROC curve for the GBM model.
TABLE L PERFORMANCE METRICS FOR LSTM AND GBM
Metric LSTM GBM
Accuracy 95.0% 93.0%
Precision 92.5% 91.0%
Recall 93.5% 90.5%
F1-score 93.0% 90.7%
AUC-ROC 96.0% 94.5%
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C. Feature Importance and Interpretability

This study utilized SHapley Additive exPlanations (SHAP)
values to enhance the interpretability of the models, providing
insights into how each feature contributes to the predictions.
Understanding feature importance is crucial for model
interpretability. The GBM model provides insights into which
features significantly influence predictions. Table III shows the
top ten features identified for the GBM model. An analysis of
feature importance revealed that certain variables significantly
influence model predictions:

e Time-series models: Leading indicators, such as search
trends for symptoms like "loss of smell," emerged as strong
predictors of upcoming case surges.

e Patient-level models: Features including age, oxygen
saturation levels, and C-Reactive Protein (CRP)
concentrations were identified as top predictors of disease
severity.

TABLE IIL TOP FIVE FEATURES INFLUENCING COVID-19
SEVERITY PREDICTIONS IN THE GBM MODEL

Rank Feature Importance score
1 PATENT_TYPE 342756
2 INTUBED 211565
3 MEDICAL_UNIT 98987
4 PNEUMONIA 41298
5 DATE_DIED 25546
6 AGE 25515
7 USMER 20908
8 CLASSIFICATION_FINAL 16892
9 OTHER_DISEASE 1405
10 OBESITY 130

D. Forecast Outputs

The developed models were employed to generate forecasts
on test datasets:

e Case forecasting: The LSTM model accurately projected
the number of new severe cases over a 14-day horizon, with
a cumulative error margin within +10%.

e Uncertainty quantification: This study incorporated
uncertainty intervals using techniques such as Monte Carlo
dropout and ensemble spreads, providing 95% confidence
intervals around the forecasts.

The results demonstrate the model's ability to capture both
the trends and magnitudes of COVID-19 surges effectively.
Figure 3 illustrates the learning accuracy of the LSTM over
epochs. To determine how accurate the LSTM model is in
predicting ICU admissions, the model's predictions (red dashed
line with "x" markers) were compared to the actual monthly
totals of ICU admissions (solid blue line with circular markers).
The model's predictions are more accurate when the red crosses
are closer to the blue dots. The fact that the two lines remain in
line with each other suggests that the model does a good job of
capturing real-world patterns of ICU admissions. When the
predicted line is above the actual line, it means that there are
false positives, which means that non-ICU patients might be
wrongly classified as critical, which could cause hospitals to
waste resources.

LSTM Model Accuracy

—— Train
0.9856 1 Validation
0.9854 A
0.9852 1
>
?
£ 0.9850
g
< 0.9848 -
0.9846 1
0.9844 -
0.9842 +— T T T T T T T T
0.0 0.5 1.0 15 2.0 2.5 3.0 35 4.0
Epoch
Fig. 3. Accuracy graph for the LSTM model.
—e— Actual ICU Admissions
15+ A —x= Predicted ICU Admisss

10+

1 2 304 5 6 7 8 g N1 IR 12 11282
Month

Fig. 4. Aggregated actual vs. predicted ICU admissions.

IV. CONCLUSION

Using GBM and LSTM models, this study showed how to
use machine learning models to predict whether patients with
COVID-19 will need to be admitted to the ICU. The GBM
model did a great job in classifying patient-level ICU risk, with
an AUC of 93% and an accuracy of 87%. The LSTM model,
on the other hand, did a great job in capturing temporal trends
in ICU demand, which helps with proactive hospital capacity
planning. This work brings together different types of data,
such as clinical EHRs, government health records, and real-
time social media sentiment, into a single, easy-to-understand
prediction system. This dual-model architecture takes care of
both triaging individual patients and predicting regional
resources, offering healthcare decision-makers a balanced way
to examine trends on both a small and large scale. This study
introduces a clear and scalable framework with SHAP-based
feature analysis to support explainable Al in clinical settings.
This approach differs from previous on that often rely on data
from a single source or are hard to understand. The proposed
method can work with real-time data and can be used in many
different areas, which makes it a promising early warning tool
for future public health emergencies and pandemic
preparedness efforts.
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