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Abstract

The Philippines had several COVID-19 infection waves brought about by different strains and variants of SARS-CoV-2. This
study aimed to describe COVID-19 outcomes by infection waves using machine leamning. A cross-sectional surveillance data
review design was employed using the DOH COVID Data Drop dataset as of September 24, 2022. The predominant variant(s)
of concern divided the dataset into time intervals representing the infection waves: ancestral (A0), Alpha/Beta (AB), Delta (D),
and Omicron (O). Descriptive statistics and machine learning models were generated from each infection. The final data set
consisted of 3,896,206 cases wherein 98.39% of cases recovered while 1.61% died. The highest and lowest CFR was observed
during the ancestral wave (2.49) and the Omicron wave (0.61%), respectively. In all four data sets, higher age groups had higher
CFRs, and F-score and specificity were highest using naive Bayes. Area under the curve (AUC) was highest in the naive Bayes
models for the A0, AB and D models, while sensitivity was highest in the decision tree models for the AQ, AB and O models. The
ancestral, Alpha/Beta and Delta variants seem to have similar transmission and mortality profiles, while the Omicron variant
caused lesser deaths despite increased transmissibility.

Abstrak

Filipina memiliki beberapa gelombang infeksi COVID-19 yang disebabkan oleh strain dan varian SARS-CoV-2 yang berbeda.
Penelitian ini bertujuan untuk menggambarkan hasil COVID-19 berdasarkan gelombang infeksi menggunakan pembelajaran
mesin. Desain tinjauan data surveilans cross-sectional digunakan dengan menggunakan set data DOH COVID Data Drop pada
24 September 2022. Varian utama yang menjadi perhatian membagi dataset ke dalam interval waktu yang mewakili gelombang
infeksi: leluhur (A0), Alpha/Beta (AB), Delta (D), dan Omicron (O). Statistik deskriptif dan model pembelajaran mesin dihasilkan
dari setiap infeksi. Kumpulan data akhir terdiri dari 3.896.206 kasus di mana 98,39% kasus sembuh dan 1,61% meninggal. CFR
tertinggi dan terendah diamati selama gelombang leluhur (2,49) dan gelombang Omicron (0,61%). Pada keempat set data,
kelompok usia yang lebih tinggi memiliki CFR yang lebih tinggi, dan skor-F dan spesifisitas tertinggi menggunakan naive Bayes.
Area di bawah kurva (AUC) tertinggi dalam model naive Bayes untuk model AO, AB dan D, sementara sensitivitas tertinggi dalam
model pohon keputusan untuk model A0, AB dan O. Varian leluhur, Alpha/Beta dan Delta tampaknya memiliki profil penularan
dan kematian yang serupa, sementara varian Omicron menyebabkan kematian yang lebih rendah meskipun penularannya
meningkat.
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INTRODUCTION

The Philippines has been considered a hotspot
for the coronavirus disease 2019 (COVID-19) in the
Western Pacific region (Malundo et al., 2022). As of
December 1, 2022, the country’s Department of Health
(DOH) has reported a total of 4,037,547 cases,
including 64,658 reported deaths (DOH, 2022).
Meanwhile, the World Health Organization (WHO) has
tallied 639,572,819 confirmed cases and 6,615,258
deaths globally (WHO, 2023). The severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2) is
the primary etiologic agent of COVID-19 infection. The
infection causes symptoms like cough, colds, fever,
dyspnea and dysgeusia, and may progress to life-
threatening complications such as shock and organ
failure. COVID-19 mortality is influenced by several
factors like advanced age, sex, presence of pre-
existing comorbid illness, and history of smoking and
alcohol consumption (Malundo et al., 2022). More
recently, studies have surfaced highlighting the
differences in mortality rates among cases with
different vaccination statuses (Johnson et al., 2022;
Stein et al.,, 2023) and among those who were
previously infected (Stein et al., 2023). According to
SeyedAlighani et al. (2021), mortality rates are
additionally influenced by adequacy of health care
delivery, political decisions, and epidemiological
characteristics of the affected population. Generally,
viruses evolve to become more transmissible,
regardless of severity (Bhattacharyya & Hanage,
2022). The ancestral strain was the original SARS-
CoV-2 virus which originated in China. The virus has
been persistent in its infection rates due to its intrinsic
capability to replicate and mutate. These spontaneous
mutations are products of viral RNA replication errors
within the host cell resulting in the appearance of
multiple variants (Lorente-Gonzalez et al., 2022). As
of December 2022, there had been five recognized
circulating SARS-CoV-2 variants of concern (VOCs):
Alpha, Beta, Gamma, Delta and Omicron. These
VOCs appeared in infection waves among different
countries in varying timelines. WHO designated them
as VOCs on December 2020 (Alpha and Beta), January
2021 (Gamma), May 2021 (Delta) and November 2021
(Omicron) (WHO, 2022). Recent studies characterized
the different VOCs in terms of their transmissibility and
severity. For instance, while the Delta variant evolved
to become more transmissible, several studies report
similar hospitalization and mortality rates among the
different infection waves (Carbonell et al., 2021; Esper
et al., 2023; Klaser et al., 2022). The Omicron variant,
on the other hand, proved to be even more highly

11

Diversity: Disease Preventive of Research Integrity
Volume 5, Issue 1, 2024

transmissible, but had the lowest hospitalization and
mortality rates (Christensen et al., 2022). The
observed differences in transmission and severity
among COVID-19 variants is possibly related to the
increased immunity among the infected people, either
through vaccination or previous infection waves
(Bhattacharyya & Hanage, 2022).

As of October 8, 2022, there had been a total of
22,400 SARS-CoV-2 sequences shared by the
Philippines in the Global Initiative on Sharing All
Influenza Data (GISAID) COVID-19 sequence
repository, which accounts for 0.57% of all cases
(Re3data.Org: GISAID, 2022a). Tracking of relative
frequencies of variants from sequenced COVID-19
cases showed estimated time frames of the upsurge of
specific variants: the ancestral strain was predominant,
with more than 50% of all sequenced samples, until
about February 2021; the Alpha and Beta variants were
concurrently predominant starting March until June
2021; the Delta variant was predominant from July until
November 2021; starting from December 2021 until
present, the Omicron variant and its subvariants were
predominant (Re3data.Org: GISAID, 2022b).

Machine learning is often used for health in the
analysis of large datasets and the prediction of
outcomes based on a variety of inputs including
identification of disease from clinical symptoms or
laboratory results, as well as in treatment of diseases
and facilitation of administrative processes. Such
techniques have been used to aid in treatment of
several diseases including COVID-19, wherein they
can give more than 90% accuracy in prediction and
forecasting (Painuli et al., 2021). Early prediction of
COVID-19 mortality risks may help mitigate the effect
of the pandemic by providing evidence for efficient
resource allocation and proper patient treatment plans
(Mahdavi et al., 2021), and has been the topic of
several researches (Hu et al., 2022; Mahdavi et al.,
2021; Noy et al., 2022). Most studies relied on medical
records from admitted patients, relying on
demographic, clinical and laboratory features to
generate predictive models for patient prognosis.
Some examples of machine learning algorithms used
in COVID-19 research include logistic regression (Hu
et al., 2022), support vector machines (Mahdavi et al.,
2021), and decision tree ensembles (e.g., CatBoost,
XGBoost, Random Forest) (Noy et al., 2022). A
previous study utilized a publicly available national
surveillance dataset to predict COVID-19 mortality in
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Figure 1
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the Philippines and identified age and history of
hospital admission as significant predictors of disease
outcome, but was limited to the ancestral strain which
was present in the population at the start of the
pandemic (Migrifio & Batangan, 2021). This study
aimed to describe COVID-19 outcomes by infection
waves using machine learning.

METHODS

The study utilized a cross-sectional, documents
review design using the DOH COVID Data Drop
records as of September 24, 2022 (DOH, 2022). The
database is a national record of all confirmed COVID-
19 cases and was updated daily by the DOH
Epidemiology Bureau. The full data set contained
3,934,777 cases and 22 attributes. Exploratory
analysis of the raw data set was performed to visualize
the reported cases and the different attributes. Ten
attributes were included in the model generation which
included Age, Sex, Admitted, RegionRes, ProvRes,
CityMunRes, BarangayRes, Quarantined, Pregnanttab
and RemovalType. Age_Group was generated to
reclassify Age into nine bins based on the US CDC
classification. DateRepConf, was retained only for
splitting of the data sets (below). Cases with missing
values for Age and RemovalType were dropped from
the data set.

The four data sets are as follows: AO, with the
predominant strain being ancestral, spans from
January 30, 2020, to February 28, 2021; AB, where the

Alpha and Beta variants were predominant, covers the
period from March 1, 2021, to June 30, 2021; D,
dominated by the Delta variant, ranges from July 1,
2021, to November 30, 2021; and O, with the Omicron
variant as the predominant strain, extends from
December 1, 2021, to September 24, 2022.

Descriptive statistics and statistical analysis,
mainly t tests and Pearson’s ¥2 tests were generated
with StataCorp 2013. Case fatality rates (CFR) were
calculated using the equation 1.

Machine learning analyses were performed
using RapidMiner Studio 9.10.008. The analysis is
patterned after a similar study (Migrifio & Batangan,
2021). Attribute selection was performed to screen out
irrelevant attributes. Attribute selection was done
individually using feature weights operators.
RemovalType was used as the dependent variable in
all data sets and had the value of RECOVERED or
DIED. Hyperparameter grid optimizations were done
by running fivefold cross-validation. Model generation
was done using fivefold cross-validation using the
optimized hyperparameters and RemovalType=DIED
as the positive class set. For the training data sets, we
conducted random undersampling (RUS) using simple
random sampling to balance the RemovalType
RECOVERED:DIED ratio. This training dataset was
used to generate the decision tree models per fold. For
the testing data sets, all recorded cases were used.
The data sets were then running through naive Bayes
and random forest for comparison models. The
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Note: @ The ROC curve plots a model's sensitivity, or true positive rate, versus its false positive rate (one minus the specificity or true
negative rate) as its discrimination threshold is varied. Generally, the closer the ROC curve is to the top left corner of the graph, the better

the model.

receiver operating characteristic (ROC) curves of each
model were generated. The performance metrics of
each model were then extracted. These include area
under the curve (AUC) and contingency table metrics
such as accuracy, sensitivity/specificity and F-score.
The study was conducted at the San Beda
University College of Medicine from August 2022 to
April 2023. The research protocol was reviewed and
approved under the study protocol SBU-RED 2022-020
by the San Beda University Research Ethics Board. We
used the TRIPOD checklist for prediction model
development as a framework for our methodology.

RESULTS

The final data set consisted of 3,896,206 cases,
which comprised 99.02% of the raw data set reported
cases, and 10 attributes including one label attribute
(RemovalType). The A0, AB, D and O data sets
comprised 14.68%, 21.45%, 36.31% and 27.56% of the
final data set reported cases, respectively. Reported
cases per day as well as the segmentation according

13

to variants are visualized in f1. Of all reported cases,
98.39% recovered while 1.61% died. Among all
reported deaths, the D data set contributed the most
cases (43.52%) while the O data set contributed the
least (10.36%). Among the four data sets, the highest
CFR occurred during the first wave (2.49%) and the
lowest during the Omicron wave (0.61%). During the
Alpha/Beta waves, reported cases were predominantly
males, but the CFRs among males were higher than
females across all four data sets. Cases with age over
85 years had the highest CFR among different age
groups, while cases in the 5-17, 18-29 and 30-39 age
groups had the lowest CFRs. Age-stratified CFRs in
the Alpha/Beta, Delta and Omicron waves were lower
compared to the ancestral wave across age groups
(See Table 1).
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Performance Metrics for The Three Machine Learning Models: Decision Tree, Naive Bayes and Random Forest Using the Four

Modelling Data Sets and Optimized Hyperparameters

Model AUC Accuracy F-score Sensitivity Specificity
AO dataset

Decision Tree 0.789  +0.004 74.06%  +£0.79% 13.88% +0.35%  83.86%c +0.35% 7381%  +£0.81%

Naive Bayes 0.877=  +£0.004 80.25%2  +0.60% 17.00%=  +0.36% 81.16%  +0.55% 80.23%2  +0.62%

Random Forest ~ 0.824  +0.018 7466%  +0.62% 14.10%  +0.28% 83.43%  +£0.54% 7443%  +0.65%
AB dataset

Decision Tree 0.781  +0.004 68.36%  +1.80% 891%  +£035%  88.03% +121% 68.00%  +1.85%

Naive Bayes 0.869:  +0.004 77.07%2  +0.08% 11.22%=  £0.11% 82.51%  +£0.62% 76.97%  +0.07%

Random Forest ~ 0.798  +0.003 68.76% +£1.11% 8.99%  +£0.22% 87.79%  +£0.90% 68.42%  +1.14%
D dataset

Decision Tree 0.769  +0.006 66.15%  +£2.73% 9.12%  +0.48% 87.69% £1.77% 65.73%  +2.82%

Naive Bayes 0.844=  +£0.003 74.74%2  +0.05% 10.98%=  £0.08% 80.73%  +0.58% 74.62%2  +0.05%

Random Forest ~ 0.779  +0.005 65.32%  +£2.62% 8.96%  +046%  88.18%2 +1.73% 64.87%  +2.70%
O dataset

Decision Tree 0814  +0.014 77.21%  +£2.34% 393%  +£026%  76.42%2 +2.82% 77.28%  +237%

Naive Bayes 0.843  +0.006 80.30%2  +0.24% 4.38%  +0.08% 7453%  +1.55% 80.33%2  +0.24%

Random Forest  0.8442  +0.006 78.32%  +1.02% 4.09%  +0.13% 76.25% +1.61% 78.33%  +1.04%

Note: 2 Highlighted values are the largest values for each particular indicator across the three machine learning models

Based on disaggregation by region, the

National Capital Region (NCR), Cordillera Autonomous
Region (CAR), Region Il and Region IV-A reported the
highest case rates overall (9304, 7007,
4603 and 4323 cases per 100,000, respectively) and
among most of the four data sets. The highest CFR
was recorded in Region VII during the Delta wave
(4.40%), while the lowest CFR was recorded in
repatriated overseas Filipinos (ROF) during the
Omicron wave (0.02%) (See Table 1).

Out of the nine non-outcome attributes retained
for model generation, only Age and Admitted were
included in the models for data sets A0, AB and D. For
the data set O, Age, Admitted and RegionRes were
included in the model.

In terms of performance, accuracy, F-score and
specificity were highest using naive Bayes in all four
data sets. AUC was highest in the naive Bayes models
for the A0, AB and D data sets, while sensitivity was
highest in the decision tree models for the A0, AB and
O data sets (See Table 2). The ROC curves for the
naive Bayes and random forest models were better
compared to the ROC curve of the decision tree model
(See Figure 2).

Figure 3 illustrated the decision tree models for
the A0 and AB data sets were similar; they were
composed of three levels, and each level (node) further
splitting into two sub-levels (branches) (Figure 3A and
Figure 3B, respectively). The D data set had four levels
and had either two or three branches (Figure 3C). The
root node for the A0, AB and D datasets was Age, with
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the lowest split criterion in the D data set (41.5 years)
and the highest in the A0 data set (47.5 years). Another
split according to Age was also observed in all three
data sets at Age = 0.5 years. The attribute Admitted
also split the D data set for cases with Age <= 41.5
years (Figure 3C). Majority of cases above the root
node cutoffs died in all three data sets (A0 = 76.60%,
AB = 72.93%, D = 70.21%), while majority of cases
within or below the root node cutoff and above Age =
0.5 years recovered (A0 = 82.88%, AB = 86.19%, D =
86.39%). In the D data set, 64.04% of cases who had
a history of hospital admission died. In the A0, AB and
D data sets, majority of cases below Age = 0.5 years
died (A0 = 65.88%, AB = 59.70%, D = 55.61%).

The O data set had eight levels, but the number
of node splits ranged between two and 16 (Figure 3D).
The root node was Age with a split criterion of 52.5
years. Cases with Age <= 52.5 years were further split
according to Age <= 41.5 years, with 77.02% of those
less than 41.5 years recovering. Cases with Age
between 41.5 and 52.5 were split into their region of
residence, with the majority outcome = DIED for those
residing in Regions I, II, Ill, IV-B, VI, VII, XI, XII, XlII as
well as in CAR. Cases with Age > 52.5 years were split
into region of residence, with majority of cases from
any region dying except for repatriate overseas
Filipinos. The total and per-leaf number of cases, case
outcomes, and other details of the decision tree models
can be made available upon request.
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Decision tree models of predicted outcomes from COVID-19 reported cases by data set?
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Age Age
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258500
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>58.500
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>53500
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Note: 2 Relevant attributes identified by the model are shown inside the branches. The predominant outcome per leaf node is identified (either
RECOVERED or DIED), with the coloured bars underneath illustrating horizontal stacked bars of the predominant outcome per leaf
(RECOVERED=blue, DIED=red). The width of the bars represents the relative number of cases in each leaf as compared with the total cases
in the modeling dataset, while the thickness of each arrow illustrates the relative number of cases on each branch as compared with the total

cases in the modeling dataset.

DISCUSSION

We generated four different decision tree
models corresponding to the different predominant
COVID-19 strain and variants in the Philippines, with
age (Age) being the root node for all models. The A0
and AB data sets generated simple and similar
decision trees with only age as the significant attribute,
while the D data set model incorporated admission
history (Admitted) as an additional attribute. The O
data set generated a more complicated decision tree
which incorporated age, admission history and region
of residence (RegionRes) of the cases into the model.

Machine learning models such as decision trees have
been used in analyzing trends in COVID-19 data,
including in epidemiological modeling
(Venkatasubramaniam et al., 2017) and prediction of
disease prognosis (Mahdavi et al., 2021; Migrifio &
Batangan, 2021).

Reported COVID-19 cases in the Philippines
reached almost 4 million cases as of September 24,
2022, with most cases occurring during the Delta and
Omicron waves despite the relatively shorter duration
of these waves compared with the first infection wave
from the ancestral strain. SARS-CoV-2 variants have
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shown increasing transmissibility compared to
previous ones, with the Delta and Omicron variants
reaching R0 of 7 and 10, respectively, compared to 2.5
of the ancestral strain (Lorente-Gonzalez et al., 2022;
Rashedi et al., 2022). Other studies reported that the
Omicron variant was up to 3.7 times more
transmissible compared to the Delta variant and is
primarily due to immune evasion and reinfection
regardless of vaccination status and previous infection
(Mohsin & Mahmud, 2022; Wolter et al., 2022) due to
enhanced viral replication efficiency in the bronchus
(Hui et al., 2022).

Previous studies have found that the severity
among the ancestral, Alpha and Delta variants are
comparable (Esper et al., 2023; Hu et al., 2022), but
the severity of the Omicron variant has consistently
been lower (Esper et al., 2023; Lewnard et al., 2022;
Wang et al., 2022; Wolter et al., 2022). This may be
due to lower replication competence of the Omicron
variant in the lung parenchyma (Hui et al., 2022).
These findings were consistent with our study: our
calculated CFR during the Omicron wave was 65%,
68% and 75% lower than those of the Alpha/Beta, Delta
and ancestral waves, respectively. Earlier studies on
sex differentials in COVID-19 mortality (i.e., males tend
to have higher CFRs) (Bhopal & Bhopal, 2020; Migrifio
& Batangan, 2021) also confirm our results regardless
of COVID-19 variant.

In our study, age is the main predictor of our
defined outcome for reported COVID-19 cases. Older
age groups tend to have higher CFR regardless of
predominant COVID-19 variant. This general trend has
been documented in previous studies (CDC, 2022;
Endeshaw & Campbell, 2022; Esper et al., 2023;
Malundo et al., 2022; SeyedAlinaghi et al., 2021).
However, we noticed a pattern similar to a previous
Philippine study on cases of the ancestral variant
(Migrifio & Batangan, 2021): the CFRs of the lowest
age group (i.e., 0-4 years) tend to be up to 6 times the
CFR of the baseline (i.e., 18-29 years), with the lowest
CFRs seen in the 5-17 age group. The US Centers for
Disease Control and Prevention shows a generally
increasing trend in CFR (CDC, 2022) but a study by
Khera et al. (2021) supports our findings and attributed
this “U-shaped” phenomenon to several factors such
as children’s differential expression of ACE-2
receptors, more robust innate immune system (except
for newborns), and lesser exposure due to public
health measures.

Decision trees as a machine learning algorithm
offer models that are easily interpretable in both
healthcare and policy settings and have thus been
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widely used in such fields (Sanchez-Montafiés et al.,
2020; Serrano, 2021), including in the analysis of
COVID-19. This algorithm enables predictive analysis
(such as mortality analysis) of large and even non-
parametric data such as epidemiologic data
(Venkatasubramaniam et al., 2017). Our decision tree
models showed several results. First, among all the
attributes included in our models and consistent with
our descriptive analysis, age is the most important
predictor of mortality. Previous machine learning
models on COVID-19 mortality (Migrifio & Batangan,
2021; Yadaw et al., 2020) confirm this finding,
suggesting that in the absence of clinical data in
surveillance data sets, age remains an important
factor. Second, the similarities between the A0 and AB
models suggest that earlier in the pandemic, the impact
of the two waves in the general population may have
been similar. During these times, large portions of the
population in the country were still under COVID-19
lockdowns and vaccinations had barely started
(Argosino, 2021; DOH, 2023). These events may have
limited the population’s exposure to the virus and to
COVID-19 vaccines which may suggest that during the
early months of the pandemic, internal biological
factors such as age-related immunosenescence and
presence of comorbidities are bigger factors in
prognosis compared to natural or acquired immunity
(Malundo et al., 2022). Third, the D model incorporated
history of admission as a splitting criterion, similar to a
previous study (Migriio & Batangan, 2021). The
previous hospitalization guidelines for COVID-19
patients in the Philippines prioritize admission of only
severe and critical COVID-19 cases (DOH, 2020;
Migrifio & Batangan, 2021), and this may have been
exacerbated by the sudden influx of COVID-19 cases
during the Delta wave as reported in this study.
Fourth, the incorporation of the attribute
RegionRes (region of residence) in the O data set
model is quite novel. A previous study of the early
COVID-19 ancestral wave in the Philippines (Migrifio &
Batangan, 2021) did not include geopolitical
classifications in the model and was consistent with our
A0, AB and D models. Our current O model suggests
that there may be different impacts of the Omicron
variant among different regions in the Philippines.
Literature regarding regional differences in COVID-19
CFRs are limited, but previous studies recognized the
association of transmission or mortality rates with
differences in health care system factors such as
number of available hospital beds (Carbonell et al.,
2021; Pan etal., 2020; Talabis et al., 2021), length and
severity of lockdowns, population or industrial
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composition (Jiang et al., 2022; Talabis et al., 2021),
and previous infection or vaccination rates
(Bhattacharyya & Hanage, 2022; Klaser et al., 2022;
Stein et al., 2023; Wang et al., 2022). Repatriated
overseas Filipinos (ROF), on the other hand, are only
allowed to return to the country if they are well enough
to travel, hence the lower CFR among this cohort
regardless of infection wave.

Surveillance data sets during the pandemic are
often imbalanced in that the number of recoveries
vastly outnumber reported deaths. We used under
sampling techniques to control this imbalance. The
models we generated generally had high AUC and
sensitivity, with the naive Bayes and the decision tree
models mostly having the highest AUC and sensitivity
across the different data sets, respectively. Higher
sensitivity is often preferred in inherently imbalanced
data sets (Serrano, 2021). We utilized similar
techniques from a previous study (Migrifio & Batangan,
2021) to reduce overfitting: removing irrelevant or
highly correlated attributes during exploratory analysis,
pre-pruning and pruning during training, and optimizing
the hyperparameters for the highest sensitivity.

In the Islamic concept, maintaining health and
preventing disease is part of everyone's responsibility
to oneself, family and society. Age as the main
predictor in reported COVID-19 cases shows how
important it is to maintain health in every phase of life.
The Prophet taught the importance of taking care of the
body as a mandate from God. Therefore, self-
protection through health education from young to old
is a form of worship, in line with the Tirmidhi hadith No.
4977 which states

"The best gift to children from parents is their

correct training".

The findings in this study, where older age
groups have higher mortality rates, underscore the
need for special attention to the elderly, as taught in
the Qur'an (QS. Al-Isra/17:23) which emphasizes
respect and protection to parents. In the context of the
pandemic, this could be translated as an imperative to
ensure that the elderly get priority access to health
care, vaccinations and other preventive measures.
Furthermore, the pattern found in CFR by age, with
young children and the elderly being more vulnerable,
points to the importance of maintaining a balance
between keeping children healthy and protecting the
elderly. Children are considered a trust, and caring for
them is a responsibility that is not only physical but also
spiritual. All religions have directed humanity to take

care of future generations, which can be applied in the
form of health protection during a pandemic.

This study has several limitations, since the
data set is publicly available surveillance data, it did
not include clinical factors that are associated with
COVID-19 mortality. These important predictors of
mortality include comorbidities, vaccination status and
sociodemographic information. This may have
negatively contributed to the performance metrics of
our models, particularly the low accuracy and f-scores
due to low class recall for mortality, which is an internal
bias in surveillance datasets. Our categorization of
cases according to infection waves was also based on
the predominant variant during the date of confirmation
of infection and not based on genetic sequencing.
Additionally, these dates may have also been delayed.
These factors could have led to classification bias of
reported cases, particularly those whose reported
dates were near the boundaries of our infection wave
timelines. Lastly, another possible source of bias is the
classification bias of the surveillance dataset itself, in
which classifying COVID-19 cases and deaths were
based on unstandardized metrics especially during the
early phase of the pandemic.

This study integrates the values of compassion,
care for the sick and vulnerable, and the importance of
safeguarding the sanctity of life. The use of technology,
such as decision trees and other machine learning
algorithms, in the timely identification of different risk
profiles of different population groups during public
health events enables healthcare workers and policy
makers to more effectively fulfill their moral and
societal imperative and obligations of service through
protection of human life, promotion of the public’s well-
being, and instilling justice by allocating proportional
resources to areas based on need.

CONCLUSIONS

In  conclusion, our study highlights the
observable changes in COVID-19 transmissibility and
case fatality rates depending on the infection timeline
and predominant SARS-CoV-2 variant. Most cases in
the Philippines occurred during the Delta and Omicron
waves, and transmissibility was higher for the variants
compared with the ancestral strain. The National
Capital Region tallied the highest overall case rates,
while Region VII recorded the highest case fatality
rates which was observed during the Delta wave. The
mortality pattern of the Omicron variant was
significantly different from the preceding variants,
consistent with studies from other countries. Our
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decision tree models also reinforce the strong
influence of increasing age in predicting COVID-19
outcomes regardless of SARS-CoV-2 variant.
However, our Omicron model suggests possible
differences in the impact of COVID-19 across different
administrative regions in the country. Our study
provides a simple framework in using machine learning
to analyze publicly available surveillance data to
monitor emerging or ongoing public health events such
as outbreaks or epidemics. The models that we
generated highlight the need for up-to-date and
stratified policies especially during viral epidemics and
pandemics. We recommend future research to
incorporate relevant clinical factors such as presence
of comorbidities, previous infections and vaccination
status to provide a more comprehensive and robust
analysis of mortality predictors. We also recommend
relevant  government agencies to  enhance
epidemiological data collection, analysis and
dissemination to aid researchers and policymakers.
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