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C O R O N A V I R U S

Symptom clusters in COVID-19: A potential clinical 
prediction tool from the COVID Symptom Study app
Carole H. Sudre1,2,3*†, Karla A. Lee4†, Mary Ni Lochlainn4†, Thomas Varsavsky1, Benjamin Murray1, 
Mark S. Graham1, Cristina Menni4, Marc Modat1, Ruth C. E. Bowyer4, Long H. Nguyen5, 
David A. Drew5, Amit D. Joshi5, Wenjie Ma5, Chuan-Guo Guo5, Chun-Han Lo5, Sajaysurya Ganesh6, 
Abubakar Buwe6, Joan Capdevila Pujol6, Julien Lavigne du Cadet6, Alessia Visconti4, 
Maxim B. Freidin4, Julia S. El-Sayed Moustafa4, Mario Falchi4, Richard Davies6, Maria F. Gomez7, 
Tove Fall7, M. Jorge Cardoso1, Jonathan Wolf6, Paul W. Franks4,7, Andrew T. Chan5, 
Tim D. Spector4, Claire J. Steves4†, Sébastien Ourselin1*†

As no one symptom can predict disease severity or the need for dedicated medical support in coronavirus disease 2019 
(COVID-19), we asked whether documenting symptom time series over the first few days informs outcome. Unsupervised 
time series clustering over symptom presentation was performed on data collected from a training dataset of completed 
cases enlisted early from the COVID Symptom Study Smartphone application, yielding six distinct symptom presenta-
tions. Clustering was validated on an independent replication dataset between 1 and 28 May 2020. Using the first 5 days 
of symptom logging, the ROC-AUC (receiver operating characteristic – area under the curve) of need for respiratory sup-
port was 78.8%, substantially outperforming personal characteristics alone (ROC-AUC 69.5%). Such an approach could be 
used to monitor at-risk patients and predict medical resource requirements days before they are required.

INTRODUCTION
During the spread of the coronavirus disease 2019 (COVID-19) pan-
demic, the strain on health care systems has been felt globally, and 
varying strategies for appropriate use of limited medical resource 
have been proposed (1, 2). However, heterogeneity in disease and 
presentation is evident, and the ability to predict required medical 
support ahead of time is limited. In this work, we sought to develop 
a clinical tool based on the time series of early development of COVID-19 
that could be predictive of the need for high-level care in individuals 
more likely to seek medical help.

The COVID Symptom Study is a unique prospective population- 
based study collecting daily reports of symptoms from millions of 
users. The smartphone app offers a guided interface to report a range 
of baseline demographic information and comorbidities [as previously 
reported (3, 4)] and was developed by Zoe Global Limited with in-
put from clinicians and scientists from King’s College London and 
Massachusetts General Hospital. With continued use, participants 
provide daily updates on symptoms, information on health care vis-
its, COVID-19 testing results, and whether they are seeking medical 
support, including the level of intervention and related outcomes. 
Case reports have highlighted that individuals infected with COVID-19 
may present with different symptoms (5–7). We hypothesized that 
longitudinal symptoms reported during the illness would cluster 
into distinct subtypes with differing clinical needs and that we could 

use this information to create a predictive tool for medical support 
that could be used for resource planning and improvement of COVID 
19 patient monitoring. To study the time series of symptom occur-
rence for the most severe cases for which respiratory support may 
be needed, clusters of longitudinally reported symptoms were ob-
tained from an unsupervised clustering analysis (8).

RESULTS AND DISCUSSION
For our training dataset, we used data obtained from 1653 users of 
the app with persistent symptoms and regular logging, from disease 
onset until hospitalization or beginning of recovery, for which the 
data inclusion cutoff was 30 April 2020. An independent replication 
set was created using separate individuals fitting the criteria with a 
disease peak from the 30 April to 28 May 2020. Patient selection is 
detailed in the “Methods” section and associated with a flow dia-
gram (Figure  4). The training sample for this analysis comprised 
1653 participants, of whom 383 reported at least one hospital visit 
and 107 reported respiratory support (defined as ventilation or sup-
plementary oxygen). The independent replication sample consisted 
of 1047 participants of which 207 reported a visit to hospital and 
59 received respiratory support. Of participants in the independent 
replication 20 set, 87.8% were from the United Kingdom, 7.5% were 
from the United States, and 4.7% were from Sweden. Prediction of 
the final cluster into which a participant would fall based on a short 
reporting period was assessed through tabulation of confusion ma-
trices and weighted precision and recall. A predictive system focused 
on the need for respiratory support (supplemental oxygen or venti-
lation) was then built featuring the inferred cluster, the aggregated 
sum of symptoms and features of individual characteristics using 
5 days of symptom reporting. Both clustering and predictive models 
were applied to the independent replication set of 1047 individuals.

Over the whole set of 2700 selected subjects, a number of demo-
graphic and health parameters were associated with higher risk for 
respiratory support requirement with the following odds ratios (ORs) 
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and 95% confidence intervals (95% CIs): body mass index (BMI) in 
kg/m2 1.05 per unit increase (95% CI [1.03; 1.08], P < 0.0005), older 
age (OR 1.02, 95% CI: [1.01; 1.03], P = 0.003), chronic lung disease 
(OR 2.72, 95% CI: [1.90; 3.90], P < 0.0005), frailty as assessed by 
PRISMA7 questionnaire (9) (OR 5.98, 95% CI: [2.96; 12.10], P < 0.0005), 
and a suggestive association with male sex (OR 1.49, 95% CI: [1.04; 
2.13], P = 0.029), respectively.

Unsupervised time series clustering (5) over the training set enabled 
us to distinguish six different clusters of symptom presentation. To 
visualize how clusters differed, we used the reported average occur-
rence of a symptom on each day for the median duration (Fig. 1, 
top) and the associated Z-score for occurrence for each cluster with 
reference to the average presentation of 1 of the 14 reported symp-
toms (Fig. 1, bottom). Equivalent plots for the independent replica-
tion dataset are presented in the Supplementary Materials (fig. S2).

Compared to clusters 3 to 6, of which 8.6 to 19.8% required respi-
ratory support, clusters 1 and 2 represent milder forms of COVID-19 
with 1.5 and 4.4%, respectively, requiring respiratory support. These 
clusters showed predominantly upper respiratory tract symptoms 
and were distinguished from each other by the absence of muscle 
pain in cluster 2 compared to cluster 1 and slightly increased reports 
of skipped meals and fever in cluster 2. Cluster 1 had notably lower 
mean age and BMI than the clusters containing patients with higher 
likelihood of requiring respiratory support (Table 1).

Cluster 3 shows stronger gastrointestinal symptoms in isolation 
(diarrhea and skipped meals) and a relatively reduced need for re-
spiratory support, of 3.7%. However, the associated rate of hospital 
visit was high compared to clusters 1 and 2. Clusters 4 to 6 included 
participants reporting more severe COVID-19 with 8.6, 9.9, and 19.8% 
of individuals within these clusters requiring respiratory support, 
respectively. These three clusters represent distinct presentations, 
with cluster 4 marked by the early presence of severe fatigue and the 
continuous presence of chest pain and persistent cough. In turn, 

individuals in cluster 5 reported confusion, skipped meals, and se-
vere fatigue. Last, individuals in cluster 6 reported more marked 
symptoms of respiratory distress including early onset of shortness 
of breath accompanied by chest pain. These respiratory symptoms 
were combined with substantial abdominal pain, diarrhea, and con-
fusion when compared with other clusters. The proportion of frail 
people was higher in cluster 5 and 6 (3.3 and 5.4%, respectively) 
than in what we consider to be the milder clusters. Table S2 and fig, 
S4 show the frequency of presentation of symptoms and their cooc-
currence across the different clusters.

The ability to predict into which cluster a participant with 
COVID-19 will fall early in the disease process may enable the pro-
vision of adequate respiratory monitoring with pulse oximetry to 
at-risk patients. We used a confusion matrix analysis (as seen in 
Fig. 2) and considered between 2 to 9 days of recorded symptom 
data to perform the projection to different clusters. We found that 
after 5 days of reporting, despite 84.8% of the included samples pre-
senting longer time series in the training set, the error in projection 
was modest both in the training and the independent replication 
set. In this six-class problem, the precision rose from 48.0% [45.9; 
50.3] to 70.4% [68.4; 72.2] when moving from 2 to 5 days of data, 
while the recall increased from 47.2% [45.1; 49.5] to 70.3% [68.4; 72.1]. 
Notably, when using 9 days of reported data, precision was 84.9% 
[83.5; 86.3] with a recall of 84.6% [83.2; 86.1].

The projections used to create the final clustering of the training 
set and those obtained from a reduced number of days were applied 
to the independent replication set, and similar average patterns were 
observed: average precision and recall rose from (52.0 [49.4; 54.6], 
51.8 [49.1; 54.3]) at 2 days to (72.4 [70.1; 74.6], 72.3 [70.1; 74.5]) at 
5 days, and finally to (88.7 [87.1; 90.4], 88.7 [87.0; 90.3]) at 9 days 
(see fig. S3).

At 5 days, it appeared that headache was the symptom most con-
sistently reported across all clusters (see Fig. 3), while severe fatigue 

Fig. 1. Illustrative representation of the 6 clusters. (Top) Frequency of positive answers per symptom across days for each cluster (darker, reported more frequently) 
and (bottom) associated Z-score of presentation of symptoms over overall symptom distribution (red, reported more than average; blue, reported less than average). The 
clusters are ordered from left to right by rates of reported hospital visit with associated rates of respiratory support of 1.5, 4.4, 3.7, 8.6, 9.9, and 19.8%, respectively.
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appeared in those clusters with increased risk of requiring medical 
support (P < 0.0001) (see table S2). The duration of confusion was 
longer in more severe clusters, while loss of smell or taste was re-
ported over a longer duration in milder clusters.

While informative in their own right, we sought to develop a clin-
ically useful tool using these clusters as a feature in a machine learning–
based system for predicting the need for respiratory support in COVID-19. 
Five days of reporting produced stable symptom clusters allowing 

Table 1. Demographic details for the app users in each cluster, stratified by training/independent replication set membership. BMI, body mass index; 
Hosp, hospital visit; RS, respiratory support. For continuous variables (age and BMI), results are given as mean (SD); frailty, PRISMA7 score ≥ 3; numbers in 
parentheses indicate the origin of the participants (UK, United Kingdom; US, United States; SE, Sweden). 

Training 1653 (1621–32-/) Independent replication 1047 (919–79–49)

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6

Number 
(UK-US-
SE)

462
(452-10-/)

315 
(310-5-/)

216 
(210-6-/) (273-7-/) 213 

(211-2-/)
167 

(165-2-/)
404 

(348-35-21)
199 

(174-16-9)
130 

(115-9-6)
102 

(88-9-5)
118 

(111-4-3)
94 

(83-6-5)

Age 41.1  
(11.6)

43.2 
(12.1)

41.0 
(12.4)

43.0 
(11.9)

43.7 
(13.2)

43.8 
(12.2)

44.2 
(12.3)

46.4 
(14.1)

45.9 
(13.5)

48.9 
(14.5)

48.1 
(15.5)

46.7 
(15.8)

BMI 26.9 (5.5) 27.3 (5.7) 26.9 (5.8) 27.4 (5.9) 28.0 (5.9) 28.9 (6.3) 27.1 (5.7) 28.2 (5.9) 28.6 (6.5) 27.2 (5.3) 28.7 (6.5) 29.3 (6.2)

Male 29.4% 26.3% 19.9% 16.8% 27.7% 24.6% 21.3% 24.6% 21.5% 25.5% 28.8% 34.0%

Lung 13.6% 10.5% 10.2% 19.6% 19.7% 28.1% 12.1% 15.1% 11.5% 18.6% 16.1% 30.9%

Heart 1.5% 1.0% 1.9% 2.1% 3.8% 4.2% 0.7% 2.0% 1.5% 3.9% 5.9% 1.1%

Diabetes 2.2% 3.2% 4.2% 3.2% 4.2% 4.8% 1.7% 4.0% 6.9% 2.0% 5.1% 7.4%

Kidney 0.4% 0.6% 0.5% 1.1% 0.9% 1.8% 0.5% 0.5% 0.0% 0.0% 1.7% 2.1%

Frailty 0.0% 1.3% 0.0% 0.0% 3.3% 5.4% 1.0% 2.0% 1.5% 2.0% 5.9% 8.5%

Hosp 16.0% 17.5% 23.6% 24.6% 27.2% 45.5% 11.6% 13.1% 13.8% 24.5% 37.3% 50.0%

RS 1.5% 4.4% 3.7% 8.6% 9.9% 19.8% 0.2% 2.5% 2.3% 7.8% 16.9% 23.4%

Fig. 2. Confusion matrix showing cluster prediction using projections based on 2 to 9 days after onset of symptoms. By day 5 of COVID-19, the cluster in which a 
participant falls can be predicted with 72% weighted average precision.
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Fig. 3. Frequency of occurrence and duration of symptoms at 5 days. (Left) Percentage of occurrence of symptoms at 5 days per cluster. (Right) Z-score in duration 
of symptom when occurring over the five first days.

Fig. 4. Flowchart showing entry of participants into analysis. 
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for the construction of a predictive system that used data collected 
in the initial 5 days. The model used the predicted cluster (given 
5 days reporting), the aggregated sum of symptoms up to and in-
cluding that day, and personal characteristics including BMI, age, 
frailty (PRISMA7 score), and presence of comorbidities. The best 
model, trained with a fivefold cross-validation and grid search hy-
perparameter tuning, resulted in an area under the curve (AUC) of 
78.8% [73.1; 84.2] on the independent replication set. In compari-
son, the demographic data alone led to an AUC of 69.5% [62.9; 74.5] 
where BMI, age, and chronic lung disease were prominent features. 
Using the optimal Youden index derived from the training set (10), 
symptom information yielded a good recall (79.9% [60.3; 80.4]) with 
a false positive rate of 38.0% [35.3; 40.6], whereas, without symp-
toms, demographic and baseline health information led to a re-
duced recall (72.8 [63.2; 82.2]) with a larger false positive rate (46.5 
[43.8; 49.0]), providing a clear argument for the inclusion of symp-
tomatology alongside personal characteristics in prediction models 
for more severe forms of COVID-19.

Our study was limited by the use of self-reported information 
collected from individuals who used smartphone devices. General-
izability may be affected by the demographics of the app users (pre-
dominantly female), and the development of stratified models may 
bring further insight. In addition, where individuals become too un-
well to record their symptoms on the app later in the disease course, 
time series used in this work may not have accounted fully for the 
peak of the disease. To address this limitation, reporting-by-proxy 
was included on the app in late April 2020. National and regional 
differences in guidelines for hospital admissions and utilization of 
respiratory support exist, and given the multinational nature of this 
study, they must be acknowledged. In addition, our model cannot 
account for silent presentations such as cases of silent hypoxia re-
ported in the literature (11), and the study of symptom trajectory 
focuses on presentations for which peak of the disease occurs at 
least 5 days after onset. It must also be noted that due to the pro-
spective design of the study and changes in population characteris-
tics using the app, the independent replication set was observed to 
be older than the training set that may lead to slight overestimation 
of severity in some younger individuals. Last, as strategy of care evolves 
over time as we get a better understanding of the disease, similar 
patterns of symptoms may lead to different clinical decisions re-
garding medical support and prediction of required resources (12–14).

The ability to predict medical resource requirements days before 
they arise and identify high-risk patients has significant clinical util-
ity in this pandemic. If widely used and adapted to evolving guide-
lines, health care providers and managers could track large groups 
of patients and predict numbers requiring hospital care and respira-
tory support days ahead of these needs arising, allowing for staff, 
bed, and intensive care planning. As a clinical tool, this approach 
could be implemented at a local level, allowing patients to be moni-
tored remotely by their primary health care teams with alert systems 
triggered when individuals demonstrate symptomatology associated 
with a high-risk cluster. Higher-risk individuals could be targeted 
for increased care to ensure that they do not struggle to access ad-
vice when becoming more unwell. For instance, patients who fall 
into cluster 5 or 6 at day 5 of the illness have a significant risk of 
hospitalization and respiratory support and may benefit from home 
pulse oximetry with daily phone calls from their general practice to 
ensure that hospital attendance occurs at the appropriate point in 
the course of their illness. Those in clusters 3 and 4 may also be at 

high risk and benefit from proactive care, for example, with glucose 
and electrolyte monitoring. A trigger system could be inbuilt as sug-
gested in other initiatives (15), alerting these patients at high risk to 
seek medical attention at a point of specified predicted risk. In addition, 
some patients and practitioners may be empowered by a clinical 
tool into which they could input longitudinal symptomatology and 
personal characteristics and receive personalized information on risk 
stratification. However, further work is required to evaluate how to 
practically adapt such tools and benefit from this insight into symp-
tom patterns.

MATERIALS AND METHODS
Material
Assessment of exposure, ascertainment of outcomes, and 
ascertainment of covariates
Exposure, outcome, and covariates were all ascertained via the app 
as previously described (7). A subset of individuals reported being 
tested for COVID-19. BMI was calculated as kilogram per square 
meter (kg/m2). Visit to hospital was recorded if the location was 
ever recorded as hospital or “back from hospital.”

Data from the app were downloaded into a server, and only records 
where the self-reported characteristics fell within the following ranges 
were used for further analyses: age between 16 (18  in the United 
States) and 100 years; BMI between 16 and 55 kg/m2. Fourteen 
symptoms were recorded: abdominal pain, chest pain, sore throat, 
shortness of breath, fatigue, hoarse voice, headache, loss of smell or 
taste, confusion, diarrhea, fever, persistent cough, unusual muscle 
pains, and skipped meals.

Linear interpolation between time points was used in the case of 
days of missing logs to impute symptoms. A limit of 5 days of inter-
rupted record was filled in. Where more than one record was present 
for a single day, the latest record was considered. Indication of pro-
portion of missing logs and selected subjects with more than three 
logs are presented in table S1.
Subject selection
All participants included in the analysis were required to: 1)Report 
a hospital visit or show sign of recovery [recovery was defined as a 
significant drop (at least 2) in number of reported symptoms at the 
day of last report compared to the day where sum of symptom was 
maximal] 2)Record their symptoms on the app at least three times 
over 4 days or more between the time their symptoms start and ei-
ther a hospital visit or the start of symptom decline 3)For the recovery 
group: be tested positive 4)For the group visiting hospital: either 
(i) be tested positive, (ii) be imputed positive from the day where 
sum of symptoms was maximal following the imputation method 
described in Menni et al. (4), or (iii) reported classic symptoms of 
COVID-19 (2 days or more of fever and cough).

All participants fulfilling the criteria of selection were included 
with no selection done in the country (United Kingdom, United 
States, or Sweden) in which they reported.

Methods
Statistical analysis
For the assessment of risk factors, reported respiratory support was 
used as dependent variable in a logistic regression, using age and BMI 
as continuous variables and sex, frailty score, diabetes, lung, heart, 
or kidney disease as binary variables. The frailty score was binarized 
at a threshold of three points. Abbreviations are as follows: T0, no 
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test; T+/−, tested positive/negative; H+/H−, attended hospital or did 
not attend hospital; I+, imputed COVID-19; SR+, self-reported clas-
sical symptoms of COVID-19 (2 days or more of fever and cough).

Modeling
The analysis of the disease course was separated into the unsupervised 
clustering and a predictive analysis for need of respiratory support 
using the learnt clusters.
Clustering analysis
Unsupervised time series clustering was performed using Mc2PCA 
(5) with 6 dimensions of projection from the 14 recorded binarized 
symptom course. This method allows for the clustering of time se-
ries with nonequal duration, using the covariance matrix of the time 
series. Optimization of the clustering is performed using a K-means 
iterative process as follows: For each cluster, a singular value decom-
position is performed over the average of covariance matrices, and 
the first n (here 6) dimensions are used to calculate the projection. 
Attribution to each cluster is then chosen to minimize the residual 
error after projection. The process was iterated until the change in 
error ratio was below 10−4 (convergence criteria).

To determine the optimal number of clusters to consider over the 
disease continuum, for each number of clusters, the K-means clus-
tering Mc2PCA was run with 20 random initialization, and the attempt 
with final minimal average distortion was selected. The Bayesian 
information criteria (BIC) was applied to balance model fit and model 
complexity leading to a choice of six clusters. Figure S1 presents the 
output of the BIC selection.

After separation of the different clusters, an average symptom 
course was calculated as the interpolated frequency of reported 
symptom for each given day over the mean duration for the given 
cluster. Ability to predict final cluster classification with a reduced 
number of days of reporting was assessed via weighted precision and 
recall score in the six-class problem and reported for the training 
and test set through the tabulation of confusion matrices.
Predictive analysis
To demonstrate the relevance of the clustering to predict need for 
respiratory support (supplemental oxygen or ventilation), we compared 
the performance of two random forest models on the independent 
testing set. The first one used only the demographic characteristics 
while the second further included the projected cluster at 5 days and 
the associated aggregated sum of symptoms over the 5 days. Youden 
Index obtained from the training set (0.066 and 0.059) for the model 
including symptomatology or only personal characteristics was 
applied on the independent test set of 1047 individuals for binary 
classification.

The random forests were trained to optimize the receiver oper-
ating curve area in a fivefold cross-validation setting with random-
ized grid search over hyperparameters. A bootstrap analysis with 
1000 samples was used to provide CIs in the reported precision and 
false positive rates.

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/7/12/eabd4177/DC1
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