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ABSTRACT 
 
In epidemiological studies, key parameters could be incorrectly 
estimated when case data are underreported, as demonstrated 
during the early spread of the severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2). Phylodynamic models, which 

integrate viral genomic data, offer an alternative approach to 
understand SARS-CoV-2 transmission dynamics. Here we aimed 
to understand the early spread of SARS-CoV-2 in the National 
Capital Region of the Philippines (NCR) through phylogenetic and 
phylodynamic analysis of viral sequences. We investigated how 
government-imposed community quarantines influenced viral 
spread and compared these estimates with those from conventional 
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compartmental models. We analyzed 75 SARS-CoV-2 genomes 
sampled from NCR from 2020/03/13 to 2020/07/27. We used the 
Birth-Death Skyline (BDSKY) model to estimate the effective 
reproduction number (Re), the Coalescent Skyline (COALSKY) 
model for the effective population size (Ne), and the Birth-Death 
Susceptible-Infected-Removed (BDSIR) model to estimate the 
basic reproduction number (R0), transmission rate, and the number 
of susceptible, infected, and removed individuals. The estimated R0 
was 1.45 (95% Highest Posterior Density (HPD): 1.33–1.62). A 
major increase in Re was inferred around 2020/05/15 (95% HPD: 
04/26 to 05/30), coinciding with the easing of quarantine measures. 
Comparison of phylodynamic estimates and reported cases 
revealed that only 3% of cases were detected daily. Our findings, 
derived from a relatively small number of viral genomes, provide 
insights into the early spread of COVID-19 in NCR and 
demonstrate the utility of phylodynamic models for informing 
public health responses in the Philippines. 
 
 
INTRODUCTION 
 
The Coronavirus Disease 2019 (COVID-19) is an infectious 
disease caused by the severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2). Described as a pneumonia-like 
disease, it was first reported in Wuhan, China, in late December 
2019 (Zhu et al., 2020). The virus quickly spread to other countries 
and territories, leading the World Health Organization to declare it 
as a pandemic on 11 March 2020 (World Health Organization, 
2020a). In July 2020, the pandemic had more than 24 million cases 
and over 800,000 deaths worldwide, disrupting the essential health 
services of 90% of countries, with low- and middle-income 
countries, including the Philippines, facing more significant 
challenges (Bong et al., 2020; World Health Organization, 2020b; 
Logrosa et al., 2022). 
 
The Philippines reported its first confirmed COVID-19 case on 30 
January 2020 from a 39-year-old female tourist from China who 
was admitted to the San Lazaro Hospital in Manila. Six months 
later, the COVID-19 Philippine statistics had reached more than 
80,000 cumulative cases and almost 2,000 deaths (World Health 
Organization, 2020b; World Health Organization, 2020c). As the 
country’s center of trade and commerce, Metro Manila, formally 
known as the National Capital Region (NCR; the largest urbanized 
area in the Philippines consisting of 16 cities), was considered to 
be the COVID-19 epicenter, which in 2020 accounted for 55% of 
cases and 52% of deaths in the country (World Health 
Organization, 2020c), and it accounted for 12.4% of the Philippine 
population as of 2020 (Philippine Statistics Authority, 2021). 
 
Traditional epidemiological surveillance methods rely on reported 
data (i.e., line list of cases, deaths, and/or recovery) to provide 
estimates for epidemiological measurements and to model the 
disease dynamics. However, these methods are subject to inherent 
limitations arising from multiple factors, mostly related to a health 
system’s ability to capture, trace, and properly diagnose 
symptomatic and asymptomatic cases (Arcede et al., 2022). 
Underestimation of the actual number of cases could result in an 
erroneous perception of the real extent of the virus spread. One way 
to address these limitations is through phylodynamic analysis, a 
method that utilizes molecular data from viral genomic sequences 
and integrates them with disease surveillance (Grenfell et al., 2004; 
Volz et al., 2013). 
 
Viral genome sequences are an important secondary source of 
information on outbreak dynamics. The measurable evolutionary 
changes in viral genomes between sampling times can provide 
information about past transmission dynamics (Rambaut et al., 
2016). Phylodynamic models based on Bayesian inference jointly 
estimate the epidemiological parameters and phylogenetic history 
from genomic data (Volz et al., 2013; Kühnert et al., 2014) and 
have been widely used to study the spread of COVID-19 (Rojas-

Gallardo et al., 2020; Seemann et al., 2020; Danesh et al., 2021; 
Nadeau et al., 2021; Zhu et al., 2021). However, many of these 
studies have focused on countries in North America, Western 
Europe, and East Asia (Lu et al., 2020; Worobey et al., 2020; Du 
Plessis et al., 2021). Although a large-scale phylodynamic and 
phylogeographic analysis reconstructed the spread of SARS-CoV-
2 in Southeast Asia, including the Philippines, it did not provide 
details of patterns of epidemics at the country or regional level (Zhu 
et al., 2021). There is a need for a study on the early spread of 
COVID-19 in the Philippines where the limited testing capacity 
resulted in a significant underreporting of cases (Esguerra, 2020). 
 
In this paper, we focused on the early COVID-19 spread in the 
National Capital Region, Philippines from January to July 2020 
because it had the highest reported cases in the country during the 
early phase of the epidemic. Additionally, the early phase had the 
highest number of high-quality SARS-CoV-2 sequences made 
publicly available as of the date the data were gathered for this 
study (17 July 2022). The early phase of the pandemic is a critical 
stage in providing insights into the future dynamics of COVID-19 
spread as well as other possible influenza-like diseases (Arcede et 
al., 2022; Yap et al., 2023). Our analyses focused on the estimation 
of epidemiological parameters including the date of origin of the 
epidemic, the basic reproduction number (R0), which represents the 
average number of secondary infections generated by a single 
infected individual in a susceptible population, the effective 
reproduction number (Re), which represents the average number of 
secondary infections generated by an infected individual under 
current population conditions (Lim et al., 2020), and the effective 
population size (Ne), a measure of the number of infections 
contributing to the genetic diversity of the virus over time (Kanaka 
et al., 2023). These epidemiological parameters provided valuable 
insights into when the virus was first introduced, how fast it was 
spreading, and how the community quarantines affected its spread. 
Finally, we compared the epidemiological estimates obtained from 
the genomic sequences (using phylodynamic modeling) to the 
estimates obtained from the reported cases using conventional 
compartmental models and differential equation-based models.  
 
 
METHODS 
 
All computer scripts used to analyze the data are available in 
GitHub (Borda et al., 2024). 
 
Alignment of viral sequences and creation of phylogenetic tree 
We downloaded 122 publicly available SARS-CoV-2 whole-
genome sequences sampled from patients who tested positive in 
NCR during the first seven months of 2020 and whose metadata 
includes year, month, and day of the sampling. These sequences 
were made available as of 17 July 2022 by the Global Initiative on 
Sharing All Influenza Data (GISAID; Shu and McCauley, 2017) 
and the National Center for Biotechnology Information (NCBI; 
Sayers et al., 2021), and were assembled and deposited by three 
groups: the Philippine Genome Center (PGC) (Tablizo et al., 
2020), by researchers in Thailand (Velasco et al., 2020), and by the 
Research Institute for Tropical Medicine (RITM, 2021). The 
genome sequences were generated from nasopharyngeal and/or 
oropharyngeal swab specimens, and those generated by the PGC 
were sequenced using the Illumina NextSeq platform, whereas 
those generated by the RITM and reported by Velasco et al. (2020) 
were sequenced using the Illumina MiSeq platform. Consensus 
genome sequences were assembled using the ncov2019-artic-nf 
pipeline and associated tools, including BWA, SAMtools, and iVar 
(Velasco et al., 2020; Tablizo et al., 2020; RITM, 2021). Following 
the quality-control recommendations implemented in the 
Nextstrain quality control tool and SARS-CoV-2 Workflow 
(Aksamentov et al., 2021), we discarded low-quality genome 
sequences defined as those with more than 3,000 missing or 
ambiguous sites (approximately 10% of the SARS-CoV-2 
genome). 75 sequences passed quality filtering and were 
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subsequently used for phylogenetic and phylodynamic analyses 
(see Table S1 for the list of 75 NCR sequences).  
 
The 75 sequences were aligned and trimmed using the Nextclade 
command line interface, resulting in a final alignment of 30000 
nucleotide sites. A time-scaled maximum-likelihood phylogenetic 
tree was created from this alignment using IQ-Tree v.2.2.0.2 and 
TreeTime. Ancestral state reconstruction was performed using the 
Augur software package incorporated in the Nextstrain platform 
(Hadfield et al., 2018). The Auspice tool was used to visualize and 
analyze the phylogenetic tree and other data in real-time (Hadfield 
et al., 2018). 
 
A separate phylogenetic analysis using IQTree v.2.2.0.2 was 
performed to extract ultrafast bootstrap values, using 1,000 
bootstrap replicates and using the General Time Reversible 
substitution model with empirical base frequencies (GTR+F+R2). 
The GTR+F+R2 was identified by the ModelFinder Plus tool as the 
best-fitting model according to the Bayesian information criterion 
(BIC) with 130,190.5. All other models had slightly higher BIC 
(range: 130,364.1 - 134,245.4 from 26 models tested in total (Borda 
et al., 2024)). The resulting maximum likelihood tree was 
visualized using FigTree V1.4.4 (Rambaut, 2018).  
 
Bayesian Time-Scaled Phylodynamic Analysis using Bayesian 
Evolutionary Analysis Sampling Trees (BEAST) 
The time-varying effective reproduction number (Re) and the 
effective population size (Ne) were estimated using the Birth-Death 
Skyline (BDSKY) model (Stadler et al., 2013) and using the 
Coalescent Skyline (COALSKY) model (Drummond et al., 2005), 
respectively. Since different community quarantine measures were 
implemented in NCR during the collection period, in our 
estimation of Re, we included a parameterization that reflected 
these community measures. 
 
Both the COALSKY and BDSKY models were non-parametric 
models and did not assume any underlying host population 
structure. In the implementation of the BDSKY model, we used the 
tool TreeSlicer v.0.2.0 (du Plessis, 2018) to set the sampling 
proportion to zero before the first sampling date (13 March 2020) 
and to estimate the sampling proportions after the first sampling 
date. TreeSlicer was also used to simultaneously infer the date of 
the major change in Re and to estimate Re in conjunction with the 
implemented community quarantines. During the sampling period, 
the government implemented three quarantine measures in NCR: 
the Enhanced Community Quarantine (ECQ), the Modified 
Enhanced Community Quarantine (MECQ), and the General 
Community Quarantine (GCQ). The first measure, ECQ, was the 
most restrictive and was implemented on 17 March 2020 (see Table 
S2). In line with these measures, the Re in the BDSKY model was 
estimated in a piecewise manner over four different time intervals, 
with the intervals bounded by dates that coincided with the 
implementation of the quarantine measures: 17 March 2020, 16 
May 2020, and 01 June 2020. This allowed us to estimate the 
potential of the disease to be epidemic prior to the interventions and 
to observe the potential effect of the quarantine measures.   
  
To generate the Bayesian Skyline plot (BSP) of the effective 
population size (Ne), we applied the COALSKY method to the 75 
NCR viral genome sequences. This method uses a coalescent 
framework to infer Ne even before the first sampling date and 
estimates its changes over time by reconstructing the relative 
genetic diversity of the viral population. This method divides the 
time from the present to the tree’s root into intervals, estimating a 
distinct Ne for each segment. The segment endpoints align with 
coalescent events, and the segment size is determined by the 
number of events within it (Müller and du Plessis, 2024). 
 
To estimate the date of origin of the epidemic (this date of origin 
precedes the spread in the Philippines) and the basic reproduction 
number (R0) of SARS-CoV-2 in NCR, we fitted a Birth-Death 

Susceptible-Infected-Removed (BDSIR) model described in 
Kühnert et al. (2014) to the 75 NCR viral genomic sequences. In 
contrast to COALSKY and BDSKY which do not assume an 
underlying host population structure, BDSIR assumes a 
Susceptible-Infected-Removed (SIR) structure of host dynamics. 
Similar to standard SIR epidemiological models, the BDSIR model 
also assumes that the underlying population structure involves 
hosts that can be divided into three mutually exclusive 
compartments: susceptible (𝑆), infected (𝐼), and removed (𝑅). In 
terms of reaction kinetics, the stochastic SIR model used for the 
BDSIR model was parameterized as follows: 
 

𝐼 + 𝑆	
!
→ 		2𝐼    (1) 

𝐼	
(#$%)'
*⎯⎯⎯,	𝑅(    (2) 

𝐼	
%'
→	𝑅%     (3) 

 
In Equations (1), (2), and (3), the removed compartment 𝑅 was 
split between the observed recoveries RS (i.e., sampled) and the 
unobserved recoveries Rh (i.e., not sampled or hidden). This 
separation was explicitly parameterized in terms of the parameter 
sampling proportion 𝑠. Moreover, 𝛽 is the mass-action infection 
rate and 𝛾 is the removal rate. 
 
All three phylodynamic models (BDSIR, BDSKY, COALSKY) 
were implemented in Bayesian Evolutionary Analysis Sampling 
Trees (BEAST) v2.6.6 (Bouckaert et al., 2014) using a random tree 
as the starting phylogenetic tree. We used the BDSIR and BDSKY 
implemented in the phylodynamics and bdsky packages, 
respectively, while the COALSKY model we used was available in 
the core of BEAST software.  
 
Initial Parameter Estimates  
BEAST requires a number of input parameters, which are provided 
either as constant values or as prior distributions.  The parameters 
used in this study are provided in Table S3 along with a brief 
justification for each.  The clock rate is one such parameter that can 
either be set to a previously chosen value or be estimated from data. 
Since the number of sequences for the period of interest was 
limited, we fixed the clock rate to 8 × 10$) substitutions/site/year 
to reduce the number of parameters to be estimated, which should 
result in better convergence when estimating the other unknown 
parameters (Drummond and Bouckaert, 2015).  
 
The next parameter is the initial number of susceptible individuals 
which must be provided with a prior. In 2020, the population in 
NCR was estimated to be around 14 million (Philippine Statistics 
Authority, 2021). By 27 July 2020, i.e., the collection date of the 
last analyzed sample, community restrictions had already been 
implemented to limit the movement of individuals aged under 21 
years or above 60 years old (Inter-Agency Task Force, 2020a). It 
was also projected that by the end of 2020, approximately 50% of 
the population will be between 21 to 60 years old (Philippine 
Statistics Authority, n.d.). Thus, for the initial number of 
susceptible individuals, we used a median prior estimate of 7 
million (i.e., 50% of 14 million). Although this represents a 
reasonable approximation of population at risk, the influence of 
this assumption on the BDSIR parameter estimates was not 
formally evaluated. Thus, the inferred epidemiological parameters 
should be interpreted in light of this modeling assumption. 
 
Another parameter is the prior for sampling proportion. By 27 July 
2020, the total cumulative reported cases in NCR were around 
44,491 (Department of Health, 2021). Since 75 genomic samples 
were used for this analysis, the prior for sampling proportion was 
set to have an upper bound of 1.69 × 10$* (i.e., 75/44,491). The 
median of the becoming uninfectious rate (this parameter will be 
denoted “become uninfectious rate”) was 20 days based on the 
estimate of Haw et al. (2020), with a standard deviation of four to 
account for the uncertainty. Note that the duration of the illness is 
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the reciprocal of become uninfectious rate. Also based on the work 
of Haw et al. (2020), we used a median prior estimate for the origin 
to be January 2020. Lastly, for the reproduction numbers, the prior 
was specified such that its 95% credible interval encompassed the 
range of estimated time-varying reproduction numbers based on 
the COVID-19 dashboard of the University of the Philippines (UP 
COVID-19 Pandemic Response Team, 2020) from March 2020 to 
July 2020 in Metro Manila. More details are provided in Table S3. 
 
For the Monte Carlo Markov Chain (MCMC) used by BEAST, we 
used 50 million MCMC steps and sampled every 5000th step to 
reduce autocorrelation between MCMC samples (Drummond and 
Bouckaert, 2015). The first 10% of samples from the chain were 
discarded as burn-in (i.e., the removed initial part of the run where 
the MCMC is still in a low probability region of the parameter 
space). Convergence was assessed using Tracer v1.7.1 (Rambaut 
et al., 2018) by observing the effective sample size (ESS) and 
observing the marginal plots of the parameters. All parameters with 
an ESS of at least 200 and a marginal plot with no notable long-
range fluctuations were considered to have converged (Drummond 
and Bouckaert, 2015). 
 
We also compared the prior (i.e., no data) and posterior (i.e., with 
data) distributions of the parameter estimates to investigate 
whether the data (i.e., genomic sequences) was informative. We 
extracted the prior distributions by executing another independent 
MCMC run but sampling only from the priors. A parameter with a 
posterior that is significantly different from its prior means that the 
data was informative in estimating it (Drummond and Bouckaert, 
2015). We statistically tested the difference between the two 
distributions by performing the Kolmogorov-Smirnov test in R and 
used a significance level of 0.01. This non-parametric test evaluates 
whether two sets of samples are drawn from the same underlying 
probability distribution (Birnbaum and Tingey, 1951; Marsaglia et 
al., 2003). If the resulting P-value is less than the level of 
significance (0.01), then there is sufficient evidence that the prior 
and the posterior distributions are significantly different. 
 
Comparison of estimates to traditional models 
Two traditional methods were used to model the COVID-19 cases 
using reported data: the deterministic SIR model and the stochastic 
SIR model.  The ordinary differential equations (ODE) for the 
deterministic SIR model are shown below. 
 

𝑑𝑠/𝑑𝑡	 = 	−𝛽𝑆𝐼/𝑁    (4) 
𝑑𝐼/𝑑𝑡	 = 	 (𝛽𝑆𝐼/𝑁)	− 	𝛾𝐼   (5) 
𝑑𝑅/𝑑𝑡	 = 	𝛾𝐼    (6) 

 
Similar to the BDSIR model, 𝑆  denotes the susceptibles, 𝐼  the 
infected, and 𝑅 the removed. The 𝛽 is the effective transmission 
rate while 𝛾 is the removal rate. We assumed a closed population 
where the total population was constant at 𝑁. The model was fitted 
to the reported data in NCR from 1 March 2020 to 27 July 2020 
obtained from the Department of Health (DOH) COVID-19 tracker 
as of 03 March 2022 (Department of Health, 2021). We first 
performed parameter estimation by numerically solving the ODE 
using MATLAB’s ode15s for a given set of values of 𝛽 and 𝛾. For 
each candidate parameter set, we evaluated the numerical solution 
at the time points when cases were reported and calculated the 
mean squared error between the numerical solution and the 
reported cases. We then solved the optimization problem using 
MATLAB’s fminsearch (MathWorks Inc, 2010). However, the 
optimization algorithms failed to converge to a stable solution, 
likely because multiple combinations of 𝛽 and 𝛾 produced similar 
objective function values, resulting in a relatively flat optimization 
landscape (we have plotted the objective function and found the 
surface to have a relatively large flat area; data not shown) and 
sensitivity to the initial parameter values. We therefore performed 
a simple grid search. We constructed a 1000 by 1000 grid over 
possible values of parameters 𝛽 and 𝛾 (between 0 and 4 for both 

parameters; the limits were determined heuristically). For each 
combination of 𝛽 and 𝛾 in the grid, we solved the ODE over the 
time interval using ode15s, evaluated the ODE solution at the time 
points where the cases were reported, and calculated the mean 
squared error between the ODE solution and reported cases.  The 
combination of 𝛽  and 𝛾  with the lowest error was taken as the 
optimal parameter set.  In all ODE simulations, we used 7,000,000 
as the initial susceptible population, the average of the first five 
reported infected cases for the initial value of the infected 
population, and 0 as the initial removed population.  
 
The kinetic reactions used in the stochastic SIR model are given by 

𝑆 + 𝐼	
!
"→ 	2𝐼     (7) 

𝐼	
'
→ 	𝑅     (8) 

 
These stochastic reactions are equivalent to the ODEs in (4) – (6). 
To obtain the stochastic SIR trajectories, we used the best-fitting 𝛽 
and 𝛾  from the deterministic SIR and generated the trajectories 
using the Gillespie algorithm in the pomp package in R (King et al., 
2016; Gillespie, 1977). We generated 100 realizations and 
calculated the median trajectory to represent the central tendency 
of the stochastic simulations, as the median is less sensitive to 
skewness and extreme values that may arise from stochastic 
variation. 
 
The trajectories from the deterministic SIR and the stochastic SIR 
using the reported data were compared to the trajectories of the 
BDSIR model which uses genomic sequences. We also compared 
the basic reproductive number (R0) estimates. Aside from the best 
fitting R0, we also took the nine R0 from the deterministic SIR 
model with the least error and compared it to the 95% Highest 
Posterior Density (HPD) interval from the BDSIR model.  
We also estimated the average percentage of the reported cases by 
taking the average of the daily percent of reported cases from 1 
March 2020 to 27 July 2020. The daily percent of reported cases 
was calculated by dividing the reported cases by the estimated 
number of infected individuals from the BDSIR model using 
genomic sequences.  
 
 
RESULTS 
 
Phylogenetic analysis of the 75 NCR samples 
We downloaded 75 high quality viral genome sequences from the 
GISAID (Shu and McCauley, 2017) and the NCBI (Sayers et al., 
2021) sampled from NCR between 13 March to 27 July 2020 that 
were available as of 17 July 2022 (Fig S1; the earliest collected 
sample on 13 March 2020 was one and a half months after the first 
reported case on 30 January 2020), and performed phylogenetic 
analysis. The genetic relatedness of the variants in each clade was 
supported by high ultrafast bootstrap values at key nodes in Fig. 1, 
where ultrafast bootstrap values greater than 70% were considered 
good support for the branches of the maximum likelihood 
phylogenetic tree (Minh et al., 2013).  
 
All 75 samples collected during the early COVID-19 spread in 
NCR belong to three clades that have been previously identified by 
the Nextstrain method: clade 19A which first emerged during mid-
January 2020, clade 20A which first emerged in mid-February 
2020, and clade 20B which first emerged in mid-March 2020 (Fig. 
1). Of the 75 samples, 18 (24%) belong to clade 19A (orange 
branches in Fig. 1), 10 (13%) belong to clade 20A (blue branches 
in Fig. 1), while the majority (47; 63%) belong to clade 20B (green 
branches in Fig. 1). The finding that the earliest clade detected in 
NCR was clade 19A is not surprising, given that clade 19A first 
emerged in Wuhan, China and played a significant role in the early 
global spread of the virus. Furthermore, given the geographic 
proximity between China and the Philippines, the detection of 
clade 19A in the Philippines soon after the start of the pandemic is 
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not surprising (Hadfield et al., 2018; Amul et al., 2022). Clade 20A 
originated from 19A and subsequently spread globally (Hadfield et 
al., 2018), followed by the emergence of Clade 20B from 20A 
(Hadfield et al., 2018).  The detection of these three clades in the 
early stages of the pandemic in the Philippines reflects the rapid 

spread of the virus across nearby regions. No Variants of Concern 
(VOCs) were detected in this study, as VOCs had not yet been 
identified at that time. 
 

 
Figure 1: Time-scaled maximum likelihood phylogenetic tree. Tree reconstruction using the NextStrain algorithm from whole genome sequences 
of SARS-CoV-2 samples in the National Capital Region (NCR; n=75). The tree shows the hierarchical relationships among clades. Yellow triangles 
mark nodes indicating major Nextstrain clades and the colors of the branches indicate subclades: NCR/20B(PANGO Lineage B.1) (colored green), 
NCR/20A(PANGO Lineage B) (colored blue), and NCR/19A(PANGO Lineage B.1.1) (colored orange). Numbers in red indicate ultra-bootstrap values 
with more than 70% confidence.

To provide a global context for the phylogenetic relationships of 
the NCR samples, we chose 513 global sequences which were 
selected to have equal distribution across space (continents) and 
across time (in each month and year) and performed phylogenetic 
analysis on 588 samples (Fig. 2; see Table S4 for the list of 

sequences). The NCR sequences belonging to clade 19A also 
clustered together in the global phylogenetic tree, while a subset of 
clade 20B NCR sequences clustered together (Fig. 2, NCR/20B-1), 
indicating that these samples are from local transmission.  
 

 
Figure 2: Phylogenetic analysis of NCR samples with global samples. Time-scaled maximum likelihood phylogenetic tree reconstructed using the 
NextStrain algorithm from whole genome SARS-CoV-2 samples in the National Capital Region (n=75) and from other regions inside and outside the 
Philippines (n=513). Yellow triangles: clades identified previously by Nextstrain. Gray branches: samples from other regions inside and outside the 
Philippines. Colored branches: NCR samples colored according to Nextstrain clades -- NCR/19A (orange; same samples as in Fig. 1), NCR/20A (blue; 
same samples as in Fig. 1), and the clade labeled NCR/20B in Fig. 1 is split into NCR20B (green) and NCR/20B-1 (magenta). Numbers in red: ultra-
bootstrap values greater than 70% confidence (shown only for clades that contain NCR samples). Black circles labeled A, B and C: three major points 
of introduction of variants in NCR. Subclades NCR/19A and NCR/20B-1 (orange and magenta boxes, respectively) within clades 19A and 20B, 
respectively, trace geographic ancestry to NCR. Inset of NCR/20B-1: gray samples are from outside the Philippines; the two samples with asterisks 
are samples from Korea verified in GISAID to be imported cases from the Philippines (red asterisk) and with an unknown origin (black asterisk); gray 
samples without asterisks are samples from Hongkong. 
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Phylodynamic analysis reveals that effective reproduction 
number follows community quarantine measures 
The effective reproduction number (Re) is the expected number of 
secondary infections caused by an infected individual (Stadler et 
al., 2013). This quantity provides a measure of whether the 
epidemic is expected over time to die out (Re < 1), grow  (Re > 1), 
or be steady (Re = 1). The BDSKY model is a phylodynamic model 
used to infer the Re of an epidemic from the viral genome data 
(Stadler et al., 2013). Here, we analyzed 75 NCR genomic 
sequences using three parameterizations of the BDSKY model to 

measure the Re of COVID-19 in NCR: (1) parameterized for time-
series estimation to measure the overall trend of Re, (2) 
parameterized according to the community quarantines and to 
investigate how Re behaves during quarantines and (3) 
parameterized for inferring the date of major change in Re. Since 
BDSKY utilizes a coalescent framework, it permits inference of 
past transmission dynamics, allowing us to estimate Re values 
before the earliest sampling date of the genomic sequences. 
 

 
Figure 3: Effective reproduction number (Re) estimates from the BDSKY model. (A) Smoothened time-series 𝑹𝒆 estimates from BDSKY model 
over the analysis period (18 January 2020 to 27 July 2020; values in Table S5). The simulation start date of Jan 18 was from coalescent framework-
based BDSKY estimates (191 days before the collection date of the first sample). Solid blue line: median value from 100 million MCMC chains; shaded 
blue area: 95% HPD interval. (B) Distribution of Re estimates using a parameterization that reflects four community quarantine measures implemented 
by the government during the analysis period. Blue distribution: posterior estimates of Re on each quarantine measure interval; Gray distribution: prior 
estimates. For each pair of prior and posterior distributions, the difference is significant (Kolmogorov-Smirnov test P-value<0.01). (C) Distribution of Re 
estimates before and after the estimated date of major change in Re, and (D) marginal density of the date of major change (blue: posterior distribution; 
gray: prior distribution). Horizontal red lines in (A), (B) and (C): epidemiological threshold (Re = 1). Green dots in (B),  (C) and (D): median value; green 
lines: 95% HPD interval. Quarantine measures: No quarantine (none), ECQ, MECQ, GCQ; see Table S2. The distributions illustrate a marginal 
probability density, i.e. the height (x-axis in (B) and (C); y-axis in (D)) of the distributions represents the proportion of the data located there, and the 
mode represents the consensus of the estimated values (y-axis in (B) and (C), x-axis in (D)).  The estimates were from 18 January 2020 (estimated 
date of origin) to 27 July 2020 (collection date of last sample). 

From the time-series parametrizations of the BDSKY, we were 
able to reconstruct the effective reproduction number of the 
epidemic in NCR with 95% credible interval from 18 January 2020 
to 27 July 2020. Our results showed that Re was decreasing from 
February to March 2020 (Fig. 3A). No quarantine measure was 
imposed during this period and the decrease in Re could be due to 
the changes in the behavior of the population in response to the 
increasing number of cases. Re remained low during the Enhanced 
Community Quarantine (ECQ) restrictions and although it started 
to increase in the middle of April, it remained below one during 
ECQ. (see Table S2 for the timeline of quarantine measures). The 
increasing Re starting in mid-May coincided with less restrictions 
during the Modified Enhanced Community Quarantine (MECQ), 
with values reaching above 2.0 (Fig. 3A). However, this temporal 
association does not necessarily imply that the quarantine measures 
alone caused the reduction in transmission, as other factors such as 
changes in testing, population behavior, and mobility may also 
have contributed. 
 
Fig. 3B shows the Re estimates parameterized with respect to the 
implemented community quarantine measures in NCR (No 
interventions/None, ECQ, MECQ, GCQ). At each quarantine 

period, the posterior distribution of Re (Fig. 3B blue plots) is 
distinct from the prior distribution (Fig. 3B gray plots; 
Kolmogorov-Smirnov test for difference in two distributions P-
value<0.01). In agreement with the time-series parameterization in 
Fig. 3A, the Re estimates were less than 1 during the ECQ and 
greater than 1 during MECQ and GCQ (Fig. 3B). 
 
BDSKY parameterization to infer the date of major change 
indicated a major increase in Re on 15 May 2020 (Fig. 3D; 95% 
HPD: 26 April 2020 – 30 May 2020). During this transition date, 
Re increased from 1.11 (Fig. 3C; 95% HPD: 1.01-1.2) to 1.71 (Fig. 
3C; 95% HPD: 1.53-1.96). To verify this, we plotted the posterior 
and prior distributions of Re, before and after the major transition, 
and found that posterior distributions have a more focused 
distribution compared to the prior distributions (Fig. 3C). Notably, 
the date of the major increase in Re corresponds to the time when 
the long period of ECQ (around 2 months) was about to transition 
to the more relaxed MECQ.  While this temporal correspondence 
is consistent with changes in transmission following the easing of 
restrictions, it should not be interpreted as direct evidence of 
causality because multiple epidemiological and behavioral factors 
may have influenced transmission during this period. 
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Effective population size estimates using phylodynamic 
analysis 
Next, we used the COALSKY method on the 75 NCR viral genome 
sequences to determine the Bayesian skyline plot of the effective 
population size (Ne) (Fig. 4). The Bayesian skyline plot infers 
relative genetic diversity as the product of the effective population 
size and generation time, and Ne represents the number of unique 
genomes capable of producing progeny virions and indirectly 
reflects the number of infected individuals in the context of the 
epidemic. The Bayesian skyline plot analysis has provided insights 
into the relative genetic diversity of viral populations, and could 
help in understanding the dynamics of transmission and evolution 
during a pandemic (Giovanetti et al., 2021; Frost and Volz, 2010). 
Similar to the BDSKY method, the COALSKY method also uses a 
coalescent framework that allows us to infer Ne before the date of 
first sampling. 
 

 
Figure 4: Effective population size (Ne) estimate from the COALSKY 
model. Ne  estimates of the COALSKY model during the analysis period 
(31 January 2020 to 27 July 2020). Solid blue: median posterior estimate 
from 100 million MCMC chains; shaded blue area 95% HPD interval. 
Timeline of interventions: No quarantine, ECQ, MECQ, and GCQ. 

The inferred Ne in Fig. 4 indicates that the population size of the 
virus was relatively constant during the first five months of 2020, 
suggesting a constant relative genetic diversity during this period. 
This stability may indicate a period of equilibrium in the 
population's evolutionary history, and also likely reflects a stable 

generation time given that quarantine measures have not 
significantly impacted the viral population dynamics. A population 
expansion took place from late May 2020 to early June 2020 (a 
population increase of two- to threefold). This is consistent with 
our BDSKY model which showed a major expansion of Re around 
the same period. The increase in relative genetic diversity is likely 
due to the introduction of additional lineages and the accumulation 
of mutations within the viral population, which aligns with the 
relaxation of quarantine measures, specifically, GCQ during this 
time. Furthermore, we expect the generation time to have changed 
during this period due to the relaxation of quarantine measures, and 
this change may be reflected in the increase shown in the Bayesian 
skyline plot.  This change was, however, not reflected in the 
reported cases in NCR (Fig. S2) (Department of Health, 2021). 
 
Origin and transmission patterns in NCR 
The BDSIR model is another phylodynamic model used to infer 
epidemiological parameters using viral genome sequence data 
(Kühnert et al., 2014). It is a parametric model and has an 
underlying compartmental model for the host population involving 
the susceptible, infected, and removed individuals. Here, we used 
the BDSIR model to estimate the four epidemiological parameters 
of COVID-19 based on 75 NCR genomic sequences: (1) the date 
of origin, (2) the basic reproduction number (R0), which is the 
average number of secondary infections produced by one infected 
case in a population where everyone is susceptible, (3) the become 
uninfectious rate (rate at which infected individuals become un-
infectious, recovered or dead), and (4) the transmission rate (Fig. 
5). The model also allowed us to estimate the number of 
susceptible, infected, and removed individuals (Fig 6). 
 
Our results indicate that the estimated onset of the global pandemic 
based on the NCR samples was around 23 December 2019 (Fig. 
5A; 95% HPD: 16 November 2019 to 12 January 2020) with R0 of 
1.45 (Fig. 5B; 95% HPD: 1.33 to 1.62). Note that not all of the viral 
sequences were from local transmission (Fig. 1) hence the 
estimated onset is not the onset in NCR. The become uninfectious 
rate parameter was estimated at 38.7 individuals per year (Fig. 5C; 
95% HPD: 32.4 to 45.2), suggesting that the infectious period of 
patients ranged from 8.08 (365/45.2) to 11.25 (365/32.4) days, with 
a median of 9.4 (365/38.66) days. The sampling proportion was 
1.65 × 10$* (Fig. 5D ; 95% HPD: 1.49 × 10$* to 1.68 × 10$*). 
 

 
Figure 5: Comparison of posterior and prior distributions of key epidemiological parameters estimated from the BDSIR model. Blue shaded 
regions: posterior distributions, dotted black lines: prior distributions of estimates of (A) date of origin, (B) basic reproductive number, (C) become 
uninfectious rate (individuals/year), and (D) sampling proportion. Solid vertical blue lines: median of posterior distributions; dashed blue lines: lower 
and upper bounds of the 95% HPD interval of the posterior. 
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For both the date of origin (Fig. 5A) and the become uninfectious 
rate (Fig. 5C), the posterior distributions showed a shift to the right 
relative to their respective prior distributions. This implies that the 
duration of the COVID-19 illness was actually shorter and the date 
of origin may have been an earlier date than previously believed. 
The posterior distribution of R0  showed a slight shift to the left 
relative to its prior distribution (Fig. 5B).  
 
Among the four estimated parameters, R0  showed the closest 
match between its posterior and prior distributions, which was 
likely due to the strong prior belief about its value. R0 was the value 
frequently reported publicly which allowed us to provide a more 
informed prior distribution than the other parameters. On the other 
hand, a quasi-uninformative uniform prior distribution was used for 
the sampling proportion (Fig. 5D), but the resulting posterior was 
left-skewed due to sampling variability, which is a common issue 
in the analysis of rare events, specifically, the early spread of 
COVID-19 in NCR (Lam and Duchene, 2021; Frost et al., 2015).  
The estimates for the other three parameters, we believe, are less 
affected by the low number of sequences in different ways. The 
date of origin is influenced primarily by the phylogenetic structure 
of the data and the timing of the sampled sequences, which remains 
robust even with a small sample size.  The basic reproduction 
number and become uninfectious rate are estimated through 
epidemiological modeling, which relies on data about the number 
of cases and transmission patterns and thus are relatively stable as 
they are informed by broader epidemiological trends. 
 
Thus, although only 75 genomic sequences were used in our study, 
all four key epidemiological parameters (date of origin, R0, become 
uninfectious rate, and sampling proportion) showed more precise 
posterior marginal distributions than the prior distributions (i.e., 
posterior distributions were taller and had a smaller variance in Fig. 
5). This suggests that the data contributed substantially to 
estimating the parameters and that the confidence in the estimates 
increased when data were incorporated. 
 
Figure 6 shows the estimated number of susceptible, infected, and 
removed individuals from 23 December 2019 (estimated median 
origin) to 27 July 2020. There was a steady increase in the number 
of infected individuals while the number of susceptible individuals 
showed an opposite trend. By the end of the sampling period, more 
than 60,000 individuals were estimated to be infected, and when 
we compared with reported data and numerical estimates using 
traditional SIR differential equation models, we found that only 3% 
of actual cases were reported (see next section). 
 

 
Figure 6: Estimates of the number of susceptible, infected, and 
removed using the BDSIR model. BDSIR results from 23 December 

2019 (estimated date of origin) to 27 July 2020 (collection date of the last 
analyzed sample). Three compartments for the SIR model are shown: 
susceptible, infected, and removed. 

Comparison of R0 and trajectories between phylodynamic 
BDSIR model and differential equation-based SIR models 
We next sought to compare the results of the BDSIR model to two 
differential equation-based compartmental models, the 
deterministic SIR and the stochastic SIR models. Similar to 
BDSIR, the SIR model has two parameters, the transmission rate 𝛽  
and the recovery rate 𝛾 (𝛾 is also the reciprocal of the infectious 
period) (Methods; see equations (4)-(6) and (7)-(8), for the 
deterministic and stochastic models, respectively). For a given 
value of the parameters, we used numerical methods to solve the 
differential and stochastic differential equations and by naively 
fitting the models to the reported case data (Fig. S2), we calculated 
the best fitting values of 𝛽 and 𝛾. 
 
The optimal values for 𝛽 and 𝛾 from the deterministic SIR model 
were 0.09 and 0.06, respectively which is equivalent to an R0 of 
1.46 (𝑅+ = 𝛽 /𝛾) . The SIR-estimated R0 agrees well with the 
estimate of the BDSIR model (R0 = 1.45; 95% HPD from 1.33 to 
1.62). However, it must be noted that the R0  from the BDSIR 
model covered the period from 23 December 2019 (estimated 
median origin) to 27 July 2020 (collection date of the last analyzed 
sample), while the R0 from the reported data covered a shorter time 
interval from 1 March 2020 to 27 July 2020, which was due to the 
availability of the reported data from the DOH of the Philippines. 
Thus, it is likely that the R0 estimated from the SIR models would 
be lower if reported cases were available earlier, as in January 
2020, since transmission was slow during that initial period. 
 
A comparison of the number of infected individuals as estimated 
by the three models (BDSIR, deterministic SIR, and stochastic 
SIR) shows that, as expected, both the deterministic and the 
stochastic SIR trajectories closely followed each other, while the 
BDSIR model showed a higher number of infected individuals and 
a higher growth rate or slope (Fig. 7; BDSIR relative growth rate = 
0.05, i.e., cases grow by about 5% of the current cases per day 
versus deterministic SIR relative growth rate = 0.03). The 
parameters estimated from deterministic SIR were used in the 
stochastic SIR simulations. By the end of the sampling period, the 
BDSIR estimated more than 60,000 infected cases while the actual 
reported data, and the estimates from traditional SIR model were 
only around 2,000 infected cases, which account for only 3% of the 
BDSIR estimates (2002/66781.5). 
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Figure 7: Comparison of the number of infected individuals between models using genomic data and reported case data. Red line: BDSIR model using 
viral genome data; blue dashed line: deterministic ordinary-differential equation-based model using reported case data; gray dashed lines: 100 
realizations of the stochastic SIR model (using reported case data); orange vertical bars: reported cases from the DOH COVID-19 Tracker. y-axis: 
number of infected individuals in log scale. The symbol (+) in the legend denotes that the data used was genomic data while the symbol (*) denotes 
data used was reported case data. 

In our study, we have demonstrated the disparity in the estimates 
of the infectious population between compartmental and 
phylodynamic models. Although fitting epidemiological 
compartmental models to reported data has been a common 
approach to estimating rates associated with disease dynamics, 
underreporting can significantly bias the estimates of disease 
prevalence and transmission rates leading to inaccurate predictions 
about the trajectory of an outbreak. Although some of these biases 
can be addressed by adding complexity to the compartment 
models, it is not always guaranteed to provide accurate estimates 
as it requires careful model calibration and precise 
parameterization. By contrast,  phylodynamic models can 
incorporate genetic data from a subset of reported cases to infer the 
total number of infections and track the spread of the disease over 
time. Phylodynamic modeling has been shown to be particularly 
useful for diseases with low-case reporting rates (Volz et al., 2013), 
as in the case of the early pandemic in the Philippines, where 
testing laboratories were limited during that time (Amit et al., 
2021). 
 
 
CONCLUSION 
 
Our phylogenetic analysis indicates that the onset of the global 
pandemic was estimated to be as early as in 2019 (i.e., estimated 
time to the most recent common ancestor (TMRCA)) (Hadfield et 
al., 2018)), which corresponds with the emergence globally of the 
ancestral clade 19A. However, the initial local transmission on 7 
March 2020 might not have been fully captured by the 
phylogenetic analysis since all samples in the earliest clade 
NCR/19A came from the same geographic location, there was no 
apparent temporal clustering (Fig. 1). A possible explanation could 
be the low number of sequences (10 samples) at that time point 
(Department of Health, 2020).  
 
Phylodynamic analysis estimated the date of origin of the global 
pandemic represented by the NCR samples to be around 23 
December 2019, (HPD: 16 November 2019 to 12 January 2020), 
with the HPD interval not containing the reported first case (30 
January 2020) (Edrada et al., 2020), suggesting a delay in the 
reporting of cases, likely due to surveillance complexities. The 
estimated median R0 (1.45) inferred for the July 2020 period was 
higher than the DOH’s estimate of 1.19 (World Health 
Organization, 2020d), potentially due to the under-reporting of 
cases in the DOH data. The infectious period was estimated from 
8.08 to 11.25 days, which agreed with previous studies (10 days in 

mild-moderately ill patients and 15 days in severely-critically ill 
and immunocompromised patients (Rhee et al., 2021)). These 
results and those discussed below suggest that the phylodynamic 
framework can reasonably estimate the epidemic parameters in 
NCR. 
 
The effective population size (Ne) estimates showed a slow increase 
from February to May 2020 (Fig. 4), which is slower compared to 
the initial growth observed from the Southeast Asian isolates, 
where Ne almost reached the value 10 by the end of May 2020 (Zhu 
et al., 2021). This could be due to inadequate sampling during the 
early pandemic stages. It should be noted that the oldest viral 
genome was obtained on 13 March 2020, 81 days after the 
estimated epidemic origin date of 23 December 2019, and only a 
small portion of the samples was collected before May 2020 – 12 
out of 75, (16%). These limitations in early-period sampling likely 
resulted in an inadequate number of coalescent events to accurately 
estimate 𝑁, during the early phase. 
 
Both the BDSKY and COALSKY models showed an increase in 
positive cases in May (Fig. 3 for the former, Fig. 4 for the latter), 
which coincides with the period when the community quarantine 
changed from ECQ to MECQ (Inter-Agency Task Force, 2020b). 
During MECQ, restrictions were relaxed allowing for increased 
public gatherings, expanded mall and shopping center operations, 
and more open inbound travel for returning Overseas Filipino 
Workers, who constitute 5.67% of incoming international travelers 
(Inter-Agency Task Force, 2020a), which likely contributed to the 
increase in cases. Another possible explanation is a potential 
“adaptation period” following cross-species transmissions (Zhu et 
al., 2021), but this is unlikely considering that the inferred 
population growth already occurred more than three months after 
the first reported infection in NCR (Parrish et al., 2008). Pajaron et 
al. (2021) and Añonuevo et al. (2023) also observed a similar 
pattern in which COVID-19 cases spiked and transmission rates 
increased after the Philippines eased community quarantine 
restrictions. 
 
The BDSIR model suggests that by 27 July 2020 (the last date of 
the sample), only 3% of estimated actual cases were included in the 
daily DOH reports (Department of Health, 2021). This 
underreporting is likely due to the low number of tests conducted 
in the Philippines (Hasell et al., 2020), with only an average of 13.2 
tests per 1000 individuals and only 1.3% of the population being 
tested, as well as prevalent delays in the exact reporting of cases 
(World Health Organization, 2020e). Other studies have similarly 
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found low levels of COVID-19 case reporting, with estimates as 
low as 1-2% of the actual cases (Lau et al., 2021). This has also 
been reported in other countries; in Latin America, Rojas-Gallardo 
et al. (2020) found high numbers of unreported cases, ranging from 
2 to 2200 times the actual reported numbers. This highlights the 
value of phylodynamic methodology in epidemic modeling, as it 
can potentially provide a more representative estimate of the 
number of cases (Frost and Volz, 2010). Additionally, this paper 
highlights the need to strengthen timely contact tracing efforts to 
monitor the spread of the virus. 
 
 Our study underscores the importance of genomic surveillance and 
timely contact tracing to better understand and control COVID-19 
transmission. Moreover, a higher number of samples in future 
studies could better satisfy the model assumption of random 
sampling, since during the initial stages of the pandemic, sampling 
was based on who was identified as infected by contact tracers or 
health officers. As genomic surveillance in the Philippines 
continues to expand beyond the data available for this study, larger 
and more representative genome datasets will enable more 
comprehensive phylodynamic analyses and improve the precision 
of epidemiological parameter estimates. Although we used a fixed 
molecular clock with a clock rate derived from the Asian 
phylogenetic tree in Nextstrain (Hadfield et al., 2018), this 
assumption is expected to have minimal effect since the viruses in 
NCR belonged to the same clade as those from Asia. Our results 
provide an early snapshot of the transmission of the SARS-CoV-2 
isolates circulating in NCR. We believe that the findings from this 
study will contribute to our understanding of COVID-19 
epidemiological dynamics, and we expect that our results will be 
useful for parameterizing more specialized epidemiological models 
and informing future epidemic interventions at the regional or 
national level. 
 
Our study is limited by the low number of high-quality viral 
genomes in NCR during the early stages of the pandemic. Although 
the sampled genome sequences spanned the study period, they 
likely do not fully represent all SARS-CoV-2 transmission 
occurring in NCR because sequencing was largely dependent on 
case detection and sample availability rather than systematic 
random sampling. This sampling bias may have influenced the 
inferred phylogenetic relationships and phylodynamic parameter 
estimates, particularly during the early months when only a limited 
number of genomes were available. Therefore, we were not able to 
perform an analysis from locally transmitted viral genomes. 
Nevertheless, we believe that our study underscores the importance 
of genomic surveillance in understanding the spread of the virus. 
Notably, our analysis aims to assess whether phylodynamics, 
despite relying on a small number of early samples, can provide 
better estimates of transmission during the early pandemic phase, 
prior to the emergence of distinct Variants of Concern. 
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