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Abstract

Background Identification of distinct clinical phenotypes of diseases can guide personalized treatment. This study
aimed to classify hospitalized COVID-19 pneumonia subgroups using an unsupervised machine learning approach.

Methods We included hospitalized COVID-19 pneumonia patients from July to September 2021. K-means clustering,
an unsupervised machine learning method, was performed to identify clinical phenotypes based on clinical and
laboratory variables collected within 24 hours of admission. Variables were normalized before clustering to ensure
equal contribution to the analysis. The optimal number of clusters was determined using the elbow method and
Silhouette scores. Cox proportional hazard models were used to compare the risk of intubation and 90-day mortality
across the identified clusters.

Results Three clinically distinct clusters were identified among 538 hospitalized COVID-19 pneumonia patients.
Cluster 1 (N=27) consisted predominantly of males and showed significantly elevated serum liver enzymes and LDH
levels. Cluster 2 (N=370) was characterized by lower chest x-ray scores and higher serum albumin levels. Cluster 3
(N=141) was characterized by older age, diabetes mellitus, higher chest x-ray scores, more severe vital signs, higher
creatinine levels, lower hemoglobin levels, lower lymphocyte counts, higher C-reactive protein, higher D-dimer, and
higher LDH levels. When compared to cluster 2, cluster 3 was significantly associated with increased risk of 90-day
mortality (HR, 6.24; 95% Cl, 2.42-16.09) and intubation (HR, 5.26; 95% Cl 2.37-11.72). In contrast, cluster 1 had a 100%
survival rate with a non-significant increase in intubation risk compared to cluster 2 (HR, 1.40,95% Cl, 0.18-11.04).

Conclusions We identified three distinct clinical phenotypes of COVID-19 pneumonia patients, with cluster 3
associated with an increased risk of respiratory failure and mortality. These findings may guide tailored clinical
management strategies.
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Background

The coronavirus disease 2019 (COVID-19), caused by the
severe acute respiratory syndrome coronavirus-2 (SARS-
CoV-2), was first reported in Wuhan, China, in Decem-
ber 2019 [1]. Since then, COVID-19 has rapidly spread
globally. The severity of COVID-19 significantly varies
among individuals, with clinical presentations ranging
from mild symptoms to respiratory failure and death [1].
This variability indicates the existence of different clini-
cal phenotypes among individuals, which are potentially
associated with different treatment responses and out-
comes. Several factors have been demonstrated to be
associated with increased risks of mortality and respira-
tory failure in COVID-19 patients, including advanced
age, diabetes mellitus, heart disease, obesity, immuno-
compromised status, cancer, chronic kidney disease, high
d-dimer levels, low lymphocyte counts, high C-reactive
protein (CRP) levels, and elevated lactate dehydrogenase
(LDH) [2-7].

Currently, artificial intelligence (AI) and machine learn-
ing (ML) methods have become one of the most frequent
methods to identify clinical phenotypes across various
diseases. The increasing number of studies on the use of
AI and ML in medicine indicates a growing trend in this
field [8]. Previous studies have identified distinct clinical
phenotypes in COVID-19 patients using unsupervised
machine learning approaches. For example, Sokolski et
al. identified phenotypes in patients with cardiovascu-
lar comorbidities, Epsi et al. described early symptom
clusters correlated with hospitalization and long-term
outcomes, and Siepel et al. characterized phenotype evo-
lution during ICU care [9-11].

In this study, we aimed to identify clinical phenotypes
of hospitalized COVID-19 pneumonia using an unsuper-
vised ML technique. We hypothesized that these findings
provide actionable insights for prognosis and manage-
ment by highlighting phenotypes that may benefit from
intensified monitoring or targeted interventions.

Materials and methods

We conducted a retrospective study including data from
Ramathibodi Hospital and Chakri Naruebodindra Medi-
cal Institute, which is an affiliated hospital of Ramat-
hibodi Hospital. Ethical approval was obtained from
the Ramathibodi Hospital Ethics Committee, which
oversees research conducted across both institutions
(MURA2022/606).

Participants

Electronic medical records (EMR) of patients with
COVID-19 pneumonia who were hospitalized at
Ramathibodi Hospital and Ramathibodi Chakri Narue-
bodindra Hospital, Thailand, between July 2021 and Sep-
tember 2021 were reviewed for eligibility. The diagnosis

Page 2 of 9

of COVID-19 pneumonia was made by a combination
of a positive polymerase chain reaction (PCR) test for
SARS-CoV-2 and the presence of pulmonary infiltra-
tions identified by either chest radiographs or computed
tomography (CT) scans. Patients requiring mechanical
ventilation at admission or those with missing data for
any of the variables listed below were excluded.

Data collection and outcomes

EMRs of eligible patients were reviewed. Variables were
selected for clustering based on their known associa-
tion with COVID-19 mortality and intubation, as well as
COVID-19 pathophysiology [2—7]. The following variables
obtained within 24 h of admission were collected: age, sex,
height, body weight, clinical presentations, pre-existing
comorbidities, smoking status, blood pressure, respiratory
rate, body temperature, heart rate, oxygen saturation, com-
plete blood count (CBC), blood urea nitrogen (BUN), serum
creatinine, liver function tests, serum d-dimers, serum CRP,
serum LDH, HbA1C, and the cycle threshold ratio of PCR
for SARS-CoV-2. The worst value was selected to analyze
variables with multiple measurements recorded within the
first 24 hours after admission. This approach was chosen to
reflect the highest severity of illness during the early phase
of hospitalization.

The severity of pulmonary infiltrations was retro-
spectively assessed by two independent investigators
using the established scoring system, ranging from
0 to 18 [12]. Discrepancies in scoring were resolved
through discussion and consensus.

The number of COVID-19 vaccinations received was
included as one of the clustering variables. In Thailand,
vaccination began in March 2021. During the study
period, vaccine availability was initially limited and prior-
itized for healthcare workers and individuals at high risk
of COVID-19 mortality, such as those with diabetes mel-
litus, obesity, and other comorbid conditions.

The primary outcomes of interest were 90-day mortal-
ity and invasive mechanical ventilation required within
90 days of admission.

Unsupervised machine learning clustering analysis

Unsupervised ML clustering analysis was performed
using the K-means clustering method to identify clini-
cal phenotypes of COVID-19 pneumonia. A total of 48
variables (as shown in Table 1) were included in the ML
K-means clustering algorithm. Prior to clustering, all
variables were normalized by mean centering to 0 and
scaling the standard deviation to 1. The Silhouette scores
for each number of clusters (K ranges from 2 to 10) were
calculated, and the elbow method was used to determine
the optimal number of clusters. The K-means clustering
analysis was conducted using the Orange Data Mining
program (version 3.38.1, available at https://orange.biola
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Table 1 Baseline characteristics of included patients classified by cluster
Variables All (N=538) Cluster 1 (N=27) Cluster 2 (N=370) Cluster 3 (N=141) P-value
Age, years 56.3+187 534+15 52.1+£187 67.7+142 <0.001
Male, N (%) 250 (46.5) 19 (70.4) 156 (42.2) 75(53.2) 0.003
Ever smoking, N (%) 72 (13.4) 3(11.1) 49(13.2) 20(14.2) 0.90
BMI, kg/m? 27.0+65 269454 27.7+69 251451 <0.001
Vital signs
Body temperature, °C 36.8+0.5 36.8+04 36.7+04 37.0+£0.7 <0.001
Respiratory rate, times/min 224+38 22.1£25 214£27 248+53 <0.001
Heart rate, beats/min 884+154 90.5+164 884+15.1 88.0+158 0.75
Mean arterial pressure, mm Hg 100.7+14.0 103.2+15.0 1025+126 95.6+16.0 <0.001
SpO,% at ambient air 964+29 959+26 973+1.3 94.1+43 <0.001
Number of vaccinations, N (%) 0.16
No vaccination 334 (62.1) 20 (74.1) 227 (614) 87 (61.7)
1 dose of vaccination 141 (26.2) 3(11.1) 95 (25.7) 43 (30.5)
2 dose of vaccination 63(11.7) 4(13.8) 48 (13.0) 11 (7.8)
Comorbid disease, N (%)
Diabetes mellitus 159 (29.6) 4(14.8) 82(22.2) 73(51.8) <0.001
Ischemic heart disease 34(6.3) 0(0) 18 (4.9) 16 (11.3) 0.01
Chronic lung diseases 35 (6.5) 13.7) 22 (5.9) 12 (8.5) 0.48
Cerebrovascular diseases 26 (4.8) 3(11.1) 13(3.5) 10(7.1) 0.07
Immunocompromised patients 29 (54) 2(74) 17 (4.6) 10 (7.1) 048
Cancer 28 (5.2) 2(74) 15 (4.1) 11(7.8) 0.20
Chronic renal failure 53(9.9 13.7) 16 (4.3) 36 (25.5) <0.001
Symptoms
Fever 309 (57.4) 14 (51.9) 213 (57.6) 82 (58.2) 0.83
Chest pain 25(4.6) 2(74) 18 (4.9) 5(3.5) 0.64
Dyspnea 82(15.2) 6(22.2) 50(13.6) 26 (184) 022
Cough 409 (76.0) 18 (66.7) 275 (74.3) 116 (82.3) 0.09
Headache 88 (16.4) 2(74) 73(19.7) 13(9.2) 0.007
Sputum 179 (33.3) 8(29.6) 117 (31.6) 54 (38.3) 033
Sore throat 148 (27.5) 3(11.1) 107 (28.9) 38 (27.0) 013
Muscle ache 152 (28.3) 9(333) 113(30.5) 30(21.3) 0.10
Rhinorrhea 169 (11.4) 5(185) 131 (354) 33(234) 0.01
Gastrointestinal symptom 102 (19.0) 7(25.9) 66 (17.8) 29 (20.6) 0.50
Chest X-ray score 26+16 29+13 20+09 42420 <0.001
CT ratio of PCR for COVID — 19 20.38+6.15 20.55+5.70 19.76 £6.01 21.96+6.33 0.001
CBC
Hemoglobin, g/dl 13.1+20 13.6+2.1 13.5+1.7 11.9+22 <0.001
Hematocrit, % 399459 410463 412451 36.1+63 <0.001
White blood cell counts, cells/mm? 582342807 521942607 5633+2374 6435+ 3681 0.008
Lymphocyte counts, cells/mm? 1561+931 1276743 17554977 1108+617 <0.001
Platelets count, 10>/mm? 246.7+97.7 2759+141.2 250.3+819 23171218 0.04
Liver function test
AST, IU/L 454+36.8 142.8+689 346+18.0 54.8+29.5 <0.001
ALT, IU/L 41.0+384 156.3+£76.7 337£210 3824260 <0.001
ALP 1U/L 83.7+435 172.8+92.2 4781256 90.0+46.6 <0.001
GGT, IU/LT 50.5 (28-100) 441 (246-615) 45 (27-80) 57 (29-111) <0.001
Total bilirubin, mg/dL i 0.4 (0.3-0.6) 0.6(0.5-0.8) 0.4(0.3-0.6) 0.5(0.4-0.8) <0.001
Direct bilirubin, mg/dL f 0.2 (0.2-0.3) 0.3(0.3-0.4) 0.2(0.2-0.3) 0.3(0.2-0.4) <0.001
Albumin, g/dL 42+04 42405 43+03 3704 <0.001
Total protein, g/dL 71+£06 76+06 7.7+05 71106 <0.001
Renal function
Creatinine, mg/dL 0.87 (0.72-1.08) 0.85 (0.70-1.16) 0.83 (0.70-1.00) 1.01 (0.81-1.48) <0.001
Blood urine nitrogen, mg/dL i 12 (9-16) 12 (9-15) 11(9-14) 17 (12-29) <0.001
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Table 1 (continued)

Variables All (N=538) Cluster 1 (N=27) Cluster 2 (N=370) Cluster 3 (N=141) P-value
HbA1c, mg% 6.25+1.68 5.76+0.76 6.14+£1.63 6.64+187 0.003
D-dimers, ng/ml t 527.5(321-870) 575 (340-1113) 433 (281-672) 850 (487-1519) <0.001
C-reactive protein, mg/dL ' 18.8 (5.9-45.3) 23.9(14.2-84) 11.9 (3.8-26.5) 61.2 (33.1-108) <0.001
Lactate dehydrogenase, U/L 246.1+96.9 340.7+1349 209.5+579 32411117 <0.001

Continuous variables present as mean+SD
Categorical variables present as frequency (%)
Variables present as median (IQR)

2021 were screened

790 COVID-19 infection patients
between July 2021 and September

- 196 Patients had no COVID-19
_ | pneumonia at admission

- 16 Patients were intubated
immediately at admission

578 patients were diagnosed with

COVID-19 pneumonia

.| 40 Patients who had missing data

538 patients with COVID-19

were excluded

pneumonia patients were included

Fig. 1 Study enrollment flow chart

b.si/), a free and open-source data visualization and anal-
ysis program.

Statistical analysis

Continuous variables were summarized as a mean with
standard deviation (SD) or median with interquartile
range (IQR), as appropriate. Categorical variables were
presented as frequencies and percentages. Missing data
were handled by excluding patients with missing values
for key clustering variables. A standard mean difference
of +0.3 was used to identify key characteristics of each
cluster. To compare the data differentiation between
clusters, we used ANOVA or the Kruskal-Wallis test for
continuous variables and the chi-square test for categori-
cal variables. Cox proportional hazard models were per-
formed to evaluate the association of each cluster with
90-day mortality and intubation rate. A P-value of <0.05
was considered statistical significance. Statistical analy-
ses, including survival analysis and other comparisons,
were conducted using R version 4.0.3, accessed through
the RStudio interface (RStudio, Inc., Boston, MA, USA).

Result

Of 790 COVID-19 patients admitted between July and
September 2021, 252 patients were excluded due to the
absence of pneumonia (#=196), requiring mechani-
cal ventilation upon admission (n=16), or missing data
(n=40), as shown in Fig. 1. The remaining 538 hospital-
ized COVID-19 pneumonia patients were included in the
K-means clustering analysis. Using the elbow method, 3
clinically distinct clusters were identified, including 27
patients (5%) in cluster 1, 370 patients (68.8%) in clus-
ter 2, and 141 patients (26.2%) in cluster 3. The baseline
characteristics of each cluster are described in Table 1.
The standard mean difference plot was assessed to iden-
tify clinically distinct clusters (Fig. 2) and pairwise com-
parisons between clusters provided in the supplementary
file (Table S1).

Phenotype characteristics

Cluster 1 consisted predominantly of males and was
characterized by elevation of serum aspartate amino-
transferase (AST), alanine aminotransferase (ALT),
gamma-glutamyltransferase (GGT), alkaline phosphatase
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Age

Male 4

BMI 4

Smoking

2 doses of vaccination A
1 dose of vaccination -
No vaccination 4
DM 4

IHD 4

CKD -

Stroke

Lung diseases
Cancer+
Immunocompromised o
Fever

Dyspnea

Cough 1

Productive cough A
Sore throat -
Rhinorrhea

Chest pain 1
Myalgia
Headache 4

Gl symptoms 4

BT 1

HR 4

RR 4

MAP 4

SpO2 at ambient air -
CXR score A

Hct

Hb -

WBC count 4
Lymphocyte count -
Platelet count -
BUN -

Creatinine

CRP 1

Ddimer A

Total protein 4
Albumin

Total bilirubin
Direct bilirubin
AST A

ALT 4

GGT 4

ALP 4

LDH A

HbA1C A

CT ratio 4

3

Mean Standardized Group Difference

Fig. 2 Mean standardized differences for each baseline variable were compared across the three clusters. The X-axis represents the standardized differ-
ences value, and the Y-axis represents baseline variables. The cut-off values of the mean standardized difference of <-0.3 or > 0.3 were indicated by dashed

vertical lines



Nalinthasnai et al. BMC Pulmonary Medicine (2025) 25:70

(ALP), and LDH. The mean for serum AST, ALT, ALP,
and LDH levels in cluster 1 were 142.8 +68.9, 156.3 +76.7,
172.8+92.2, and 340.7 £134.9 IU/L, respectively, while
the median serum GGT level was 441 (IQR; 246-615)
IU/L.

Cluster 2 was characterized by a lower chest x-ray score
and higher serum albumin levels. The mean chest x-ray
score and serum albumin levels in cluster 2 were 2.0+0.9
and 4.31 £ 0.3 g/dl, respectively.

Finally, cluster 3 was more likely to have a higher mean
age (67.7 £ 14.2 years), higher prevalence of diabetes mel-
litus (51.8%), higher mean chest x-ray score (4.2+2.0
scores), higher mean respiratory rate (24.8+5.3 /min-
ute), higher mean body temperature (37.0+ 0.7 °C), lower
mean blood pressure (95.6 + 16.0 mmHg), higher median
serum creatinine levels (1.01, IQR; 0.81-1.48 mg/dl),
lower mean hemoglobin levels (11.9+2.2 g/dl), lower
mean lymphocyte counts (1108+617 cell/mm?®), higher
median CRP levels (61.2, IQR; 33.1-108 mg/dL), higher
median D-dimer levels (850, IQR; 487-1519 ng/ml), and
higher mean LDH levels (324.1+111.7 U/L).

Association between phenotype and clinical outcomes
Cluster 1 had a 90-day mortality rate of 0%, while cluster
2 and cluster 3 had rates of 1.6% and 10.6%, respectively.
Compared to cluster 2, cluster 3 was significantly associ-
ated with an increased risk of 90-day mortality (HR 6.24,
95% CI2.42-16.09, P<0.001) (Fig. 3).

The rate of 90-day intubation was 3.7%, 2.4%, and 12.8%
in cluster 1, cluster 2, and cluster 3, respectively. When
compared to cluster 2, cluster 3 was associated with a
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significantly increased risk of 90-day intubation (HR 5.26,
95% CI 2.37-11.72, P<0.001), while cluster 1 was not
significantly associated with an increased risk of 90-day
intubation compared to cluster 2 (HR 1.40, 95% CI 0.18—
11.04, P=0.75), as showed in Fig. 4.

Discussion

Our study identified distinct clinical phenotypes in hos-
pitalized COVID-19 pneumonia. Three distinct clus-
ters were identified upon hospital presentation among
patients with COVID-19 pneumonia. The majority of
patients were classified into cluster 2, associated with a
lower severity, leading to an approximately 90-day mor-
tality rate of 1.6% and an intubation rate of 2.4%. In con-
trast, a subset of patients with the more severe disease
were classified into cluster 3, associated with a 90-day
mortality rate of 10.6% and an intubation rate of 12%.
Finally, cluster 1, characterized by elevated liver enzymes,
demonstrated a 90-day mortality rate of 0% and an intu-
bation rate of 3.7%.

A previous study of 1022 hospitalized COVID-19
patients, with or without pneumonia, were also classified
into 3 distinct phenotypes [13]. One of their phenotypes,
associated with low mortality, was characterized by lower
D-dimer and CRP levels, comparable to our findings in
cluster 2. Additionally, the high-mortality phenotype
mainly consisted of patients with elevated inflamma-
tion markers, similar to those in cluster 3 of our study.
Even though the previous study demonstrated that hepa-
tocellular injury was associated with a worse prognosis,
our study revealed that patients in cluster 1, who had
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Fig. 3 Kaplan-Meier curves of 90-day mortality
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Fig. 4 Kaplan-Meier curves of intubation

hepatocellular injury without other organ failures, had an
excellent survival rate. However, given the limited sample
size of cluster 1, these findings should be interpreted with
caution and validated in larger cohorts.

A potential concern with clustering analyses is that
smaller clusters may sometimes represent outliers or
noise rather than meaningful subgroups, for instance, in
cluster 1. However, our analysis demonstrated that clus-
ter 1 exhibits distinct clinical characteristics that justify
a meaningful subgroup. While both clusters 1 and 3 had
elevated LDH levels, cluster 1 was uniquely characterized
by significantly higher AST and ALT levels, suggesting
distinct liver involvement. Furthermore, patients in clus-
ter 1 presented with less severe clinical conditions com-
pared to those in Cluster 3.

These findings are further supported by the mean stan-
dardized differences, which highlight the unique clinical
features of each cluster, including those distinguishing
cluster 1. The results of pairwise comparisons, included
in the supplementary materials (Table S1), also reinforce
the distinctiveness of cluster 1.

In our study, patients in cluster 2 demonstrated favor-
able outcomes, mostly patients with high albumin levels
and low chest X-ray scores. High albumin levels indicate
good nutritional status and lower systemic inflammation,
while low chest X-ray scores suggest less severe pulmo-
nary involvement. In contrast, cluster 3 was associated
with the poorest clinical outcomes. This cluster mainly
included patients of higher age, having comorbidities,
such as diabetes mellitus and renal disease, having more
pulmonary infiltrations on chest X-rays, higher CRP

levels, higher D-dimer levels, lower lymphocyte counts,
and an injury to multiple organs.

Several previous studies have demonstrated that cer-
tain risk factors are associated with a worse prognosis in
COVID-19 pneumonia. For instance, a study conducted
in China reported that older age, higher SOFA score,
and D-dimers>1.0 pg/mL upon admission were associ-
ated with increased risk of in-hospital death in COVID-
19 [14]. Another retrospective study found that patients
with severe COVID-19 and comorbid diabetes had
increased leukocyte and neutrophil counts, as well as
higher levels of CRP, D-dimers, and fibrinogen [15]. A
systematic review and meta-analysis also revealed that
biomarkers such as higher CRP, D-dimers, increased
creatinine, and lower albumin levels were associated
with increased mortality [16]. Our findings in cluster 3
were consistent with previous reports, confirming that
patients with increased inflammatory marker levels and
organ dysfunction are associated with increased mortal-
ity risk.

Phenotypic approaches provide more comprehensive
information for patient prognosis compared to tradi-
tional risk factor analysis since this approach involves
complex interactions between risk factors. Although
individual patients might not have all the defining char-
acteristics of a specific phenotype, they may still ben-
efit from the treatment for the overall phenotype. Future
research on phenotypic models should be conducted to
improve personalized management of complex diseases.

Our study has several limitations to concern. Firstly,
as a retrospective study, it is subject to potential biases
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and residual confounding. Secondly, our study focused
on 90-day mortality and intubation. Thus, long-term
outcomes were not assessed. Additionally, the study did
not identify the specific COVID-19 strain. The exclusion
of patients with missing data for key clustering variables
could theoretically reduce the diversity of the dataset
and introduce selection bias. However, the number of
excluded patients was small (40 patients, 5% of the total
cohort), which minimizes the potential impact on the
generalizability of our findings. The use of K-means clus-
tering, which assumes spherical clusters and relies on
Euclidean distance, makes it most suitable for continu-
ous variables. While our dataset consisted exclusively of
continuous variables, the predominance of continuous
variables among the distinguishing features may partially
reflect this methodological choice. Additionally, K-means
clustering may not fully capture complex, non-spherical
data structures, potentially limiting the phenotype iden-
tification. Alternative clustering techniques could pro-
vide complementary insights or refine the results. Future
studies should explore these approaches to validate and
expand upon our findings. Finally, our study was con-
ducted in 2021, before widespread vaccination, advanced
COVID-19 treatments, and the emergence of new vari-
ants. These factors may limit the direct applicability of
our findings to current practice. Nonetheless, the pheno-
typic approach remains valuable as it highlights broader
disease patterns and interactions that provide insights for
personalized care.

Conclusion

In conclusion, our study identified three distinct clinical
phenotypes among hospitalized patients with COVID-19
pneumonia, each associated with different risks of 90-day
mortality and intubation.
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