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Abstract

Self-controlled case series (SCCS) is a statistical method in epidemiological study design that uses individuals as
their own controls, with comparisons made within the same individuals at different time points of observation. SCCS
has been applied in settings where it is difficult to identify comparison or control groups. To provide computational
support for SCCS, we introduce a query engine called Self-Controlled Case Query (SCCQ) and use it to extract
cohorts of self-controlled case series from a large-scale COVID-19 Electronic Health Records (EHR) dataset. Visual
summary of the queried population through the R-Shiny visualization framework offers SCCQ’s query result dashboard
to the researcher. SCCQ allows the export of query-generated raw data files with a portable format that researchers
can extend to create more intricate and robust visualization capabilities without needing a high-level of technical or
statistical background. Our validation and evaluation experiments uncovered COVID-19 outcomes to be consistent
with existing research findings. With SCCQ, cohort exploration, data extraction, and information visualization can be
provided for structured EHR data to lower the barrier for clinical and epidemiological research.

1 Introduction

Electronic Health Records (EHR) is intended as a comprehensive, up-to-date record of a patient’s healthcare informa-
tion in a digital format. These records can be shared across different healthcare settings, and they typically include a
range of data types, including demographics, medication, diagnoses, vital signs, past medical history, immunization
status, radiology reports, and laboratory and test results. EHR has been broadly adopted in the United States in the
last two decades for improving the quality of care, enhancing patient privacy and security, improving efficiency and
productivity, and reducing healthcare costs1–3. The wide adoption of EHR resulted in a rapid growth of clinical data
available electronically4. This growth offers a unique opportunity for the secondary analysis of clinical data in research
beyond its original purpose of documenting care, and creative analysis of EHR data can generate insight for improving
care and informing healthcare policy making5–10.

However, EHR data can be large, complex, biased, and maybe stored in disparate databases or repositories11. Health-
care organizations face increasing challenges in making EHR data suitable for secondary analysis12. Indeed, even
where data is effectively incorporated and made accessible, extracting analysis-ready data (i.e., there is no addi-
tional preprocessing is needed when using the data for statistical analysis or for generating AI models) can be time-
consuming and difficult for researchers without a background in informatics or data science. As EHR systems become
more widespread, there is a pressing data-science need for effective support in making sense of data. Interactive vi-
sualization is a way to improve the understanding of complex data, thereby benefiting the generation of insights from
EHR data11.

EHR data provides an information source for epidemiological studies such as cohort and case-control studies which
attempt to ascertain the strength of the association between specific exposures and health outcomes and have been
widely applied in clinical research13. Challenges in applying standard epidemiological study designs to EHR data
include aspects such as: 1) difficult to identify suitable comparison/control groups, e.g., when investigating adverse
effects to vaccines and medications14; 2) difficult to provide effect estimates and adjust confounders such as body
mass index and comorbidities15, understanding that existing studies applied different strategies to reduce confounding
factors such as multivariate analysis16 and propensity score matching17, 18; and 3) high-level computational burden in

350



statistical modeling involving tens of millions of individuals observed over multiple years19.

Self-controlled case series (SCCS) uses intra-person comparisons in a population of individuals with both the outcome
and exposure of interest20. Only exposed individuals who have experienced an event are included. This strategy is
advantageous in that virtually all time-invariant confounding factors are eliminated. It offers an alternative to more
established methods of cohort or case-control studies for identifying associations between time-varying exposures and
outcomes21. SCCS was initially designed to investigate associations between vaccination and acute potential adverse
events22, 23. Subsequently, the method was applied in several other areas, including pharmacoepidemiology and epi-
demiology such as in studying autism20. To use the SCCS method for EHR data, it is necessary to perform and combine
different types of temporal queries, such as absolute temporal query and relative temporal query24, 25. However, EHR
data exploration/query systems involve substantial technical obstacles for their end-users without proper interface de-
sign. Some systems need their users to search by using command-line-based queries, such as SQL or its extensions,
which are difficult to learn, and it is conceptually complex to describe temporal queries11. Thus, despite the fact that
temporal information is essential for clinical research, there is a general lack of systematic and dedicated methodology
support for temporal queries that cover backend data model design, query language, and user interfaces24.

We introduce Self-Controlled Case Query (SCCQ) engine to fill these gaps in cohort identification and cohort informa-
tion visualization involving the SCCS method for EHR data. SCCQ extracts clinical cohorts with any SCCS queries
and provides visualization from a large-scale COVID-19 EHR dataset so that as to make it easier for researchers to
make sense of data without requiring a high-level informatics or statistical background. The SCCS query builder in-
terface provides researchers with a straightforward way to perform initial cohort exploration. Users can benefit from
cohort information visualization by leveraging their ability to recognize patterns and connections which can make
the discovery of deeper details easier26–28. In the fields of healthcare, medical informatics, and imaging informatics,
visualization has been well studied but is relatively new to clinical research informatics29. It has been demonstrated
that visualization can reduce task completion times, but its impact on finding and retrieving individual patient records
is uncertain and highly dependent on the visualization interface29. We create SCCQ to assist researchers in construct-
ing a query and retrieving a population. Once a population is retrieved, the interface can support its visualization
and assist researchers in understanding population characteristics. SCCQ seeks to create a paradigm with the ability to
combine interactive visualization and on-the-fly hypothesis exploration, thus increasing the productivity of researchers
by lowering the barriers for sense-making of data.

2 Background

2.1 Self-controlled case series method

Based on a retrospective cohort model, the self-controlled case-series method is applied to a defined observation
period, conditionally on the number of events experienced by each individual over the observation period30. Within
the observational period, the time is classified as at-risk or as control time in relation to exposures that are considered
to be fixed, and it is based on within-person comparisons in individuals with both the outcome and the exposure of
interest14, 15. Incidence rate ratios are derived, comparing the rate of events during exposed periods of time with the
rate during all other observed time periods. The key advantage is that controls for all fixed confounders, measured or
otherwise, and allows for age-variation in the baseline incidence of events. Thus, it removes the potential confounding
effect of characteristics that vary between individuals, such as frailty and risk factors for vascular disease31, 32. Different
kinds of SCCS methods have been proposed in the last few years14, 33. However, most of these methods are difficult to
apply, which limits their usage by researchers whose primary expertise is not statistics. Several software packages (R,
STATA, and SAS)34, 35 have been developed to allow researchers to utilize these techniques more easily.

2.2 R-Shiny visualization framework

R-Shiny36 is an open package in R, which provides a web application framework to create interactive visualizations of
data. It provides extensive pre-built and customizable output widgets for displaying plots, tables, and printed output
of R objects, which save time in the construction, automation, and distribution of data visualizations and statistical
analyses. R-Shiny has been widely used to develop interactive dashboards and web applications with EHR data37–39.
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3  M et h o ds

We d esi g n t h e s yst e m ar c hit e ct ur e ( as s h o w n i n Fi g ur e 1) t o b e c o m pris e d of 4 c or e ar c hit e ct ur al el e m e nts: 1) a w e b-
b as e d i nt erf a c e writt e n i n R e a ct 4 0 ( Fi g ur e 1. A), w hi c h i n cl u d es S C C S q u er y b uil d er, c o h ort i nf or m ati o n vis u ali z ati o n
a n d d at a e x p orti n g. T h e q u er y b uil d er is a p o w erf ul a n d i nt uiti v e i nt erf a c e t h at h as b e e n d esi g n e d a n d d e v el o p e d
t o e n a bl e r es e ar c h ers t o q ui c kl y cr e at e t h e S C C S crit eri a a n d p erf or m e x pl or at or y q u eri es. 2) A q u er y e n gi n e f or
s e ar c hi n g E H R d at a i m pl e m e nt e d wit h R u b y o n R ails 4 1 ( Fi g ur e 1. B). S u c h a q u er y e n gi n e tr a nsl at es us er i n p ut- b as e d
q u eri es i nt o e x e c ut a bl e d at a b as e q u er y l a n g u a g es, w hi c h c o nsists of t hr e e p arts, a q u er y tr a nsl ati o n m o d ul e, a q u er y
e x e c uti o n m o d ul e, a n d a d at a r e or g a ni z ati o n m o d ul e. 3) A M o n g o D B d at a b as e f or st ori n g E H R d at a b as e d o n E v e nt-
l e v el I n v ert e d I n d e x ( E LII)2 4 , w hi c h pr o vi d es g o o d p erf or m a n c e f or t e m p or al q u eri es ( Fi g ur e 1. C), a n d 4) a s m all
a p pli c ati o n d at a b as e wit h M o n g o D B f or tr a c ki n g q u eri es, st ori n g q u er y r es ults f or vis u ali z ati o n, a n d l o g gi n g a cti vit y.
T h e p ur p os e of t his s m all a n d i n d e p e n d e nt d at a b as e is t o s e p ar at e t h e s yst e m a p pli c ati o n d at a a n d E H R d at a s o t h at
t h e y will n ot aff e ct e a c h ot h er w h e n u p gr a di n g t h e s yst e m or u p d ati n g t h e d at a.

3. 1  D at a a n d b a c k e n d d at a b as e
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Fi g u r e 1: T h e s yst e m ar c hit e ct ur e of S C C Q.

As a n a p pli c ati o n of S C C Q, w e us e
t h e O P T U M® d e-i d e nti fi e d C O VI D- 1 9
El e ctr o ni c H e alt h R e c or d d at as et, w hi c h
is dr a w n fr o m d o z e ns of h e alt h c ar e
pr o vi d ers i n t h e U nit e d St at es, i n cl u d-
i n g m or e t h a n 7 0 0 h os pit als a n d 7, 0 0 0
cli ni cs. It i n cl u d es E H R d at a f or 7 mil-
li o n u ni q u e i n di vi d u als w h o h a v e d o c u-
m e nt e d cli ni c al c ar e wit h a d o c u m e nt e d
di a g n osis of C O VI D- 1 9 or a c ut e r es pir a-
t or y ill n ess aft er 0 2/ 0 1/ 2 0 2 0 a n d/ or d o c-
u m e nt e d C O VI D- 1 9 t esti n g r e g ar dl ess
of t h eir r es ults. T h e d at a i n c or p or at es
a wi d e s w at h of r a w cli ni c al d at a, i n-
cl u di n g n e w, u n m a p p e d C O VI D-s p e ci fi c
cli ni c al d at a p oi nts fr o m b ot h i n p ati e nt a n d a m b ul at or y el e ctr o ni c m e di c al r e c or ds, w hi c h i n cl u d e p ati e nt-l e v el i nf or-
m ati o n: d e m o gr a p hi cs, di a g n os es, pr o c e d ur es, l a b t ests, c ar e s etti n gs, m e di c ati o ns pr es cri b e d or a d mi nist er e d, a n d
m ort alit y. T h es e d at a ar e c erti fi e d as d e-i d e nti fi e d b y i n d e p e n d e nt st atisti c al e x p erts i n a c c or d a n c e wit h H e alt h I n-
s ur a n c e P ort a bilit y a n d A c c o u nt a bilit y A ct ( HI P A A) st atisti c al d e-i d e nti fi c ati o n r ul es a n d ar e m a n a g e d i n a c c or d a n c e
wit h t h e O P T U M ® c ust o m er d at a us e a gr e e m e nt.

We b uil d t h e E LII wit h t h e O P T U M ® C O VI D- 1 9 E H R d at a. E LII c o nsists of 4 c o m p o n e nts 2 4 : 1) c o n v e nti o n al i n-
v ert e d i n d e x, w hi c h c o nt ai ns t h e i n v ert e d i n di c es of ti m e-i n v ari a nt v ari a bl es, 2) ti m eli n e i n v ert e d i n d e x, w hi c h c o nsists
of i n v ert e d i n di c es of ti m e- d e p e n d e nt v ari a bl es, 3) p ati e nt ti m eli n e, w hi c h i n cl u d es all cli ni c al e v e nts a n d r el at e d i n-
f or m ati o n f or e a c h p ati e nt, a n d 4) a gl o b al l o o k u p t a bl e, w hi c h c o nt ai ns f or w ar d i n di c es of all v ari a bl es a n d ass o ci at e d
i n v ert e d i n di c es. Wit h s u c h a d esi g n, t h e p erf or m a n c e of t e m p or al q u eri es c a n b e si g ni fi c a ntl y i m pr o v e d ( 2 6- 8 8 ti m es
i m pr o v e m e nt)2 4 . L e v er a gi n g t h e a d v a nt a g es of E LII i n t e m p or al q u eri es, w e d esi g n a n d i m pl e m e nt a q u er y e n gi n e f or
S C C S q u er y a n d f urt h er d at a e x p orti n g.

We c h o os e M o n g o D B as t h e b a c k e n d d at a b as e si n c e it h as t h e f oll o wi n g a d v a nt a g es: 1) g o o d q u er y p erf or m a n c e wit h
t h e l ar g e-s c al e d at as et, 2) fl e xi bl e d at a m o d els s o t h at w e c a n b uil d o ur o w n m o d els f or t h e i n v ert e d i n d e x t o i m pr o v e
t h e q u er y p erf or m a n c e, es p e ci all y f or t e m p or al q u eri es, 3) hi g hl y a n d e asil y s c al a bl e, a n d w e c a n e asil y s c al e- u p b y
a d di n g c o m m o dit y s er v ers, a n d 4) e as y f or d e v el o p ers a n d l e a di n g t o f ast er d e v el o p m e nt ti m e a n d f e w er b u gs.

3. 2 S C C S q u e r y e n gi n e

T h e S C C S q u er y f or c o h ort e x pl or ati o n of a s p e ci fi c cli ni c al st u d y ( e. g., t h e ris k of str o k e aft er di a g n osis of C O VI D-
1 9) is ill ustr at e d i n Fi g ur e 2. I n Fi g ur e 2( a), t h er e ar e t w o e v e nts, n a m e d i n d e x e v e nt ( e x p os ur e) a n d o ut c o m e e v e nt

3 5 2



(outcome), and an SCCS query uses the date of index event as the index date and finds patients who had outcome
event within a given observation window before and after the index date. The index date is different for each patient,
and the period before the index date is considered the control period, while the period after the index date is treated as
the exposure period.
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Figure 2: The SCCS query for cohort exploration.

As users add query terms, such as index
event, time period of index event (e.g.,
start date and end date), outcome event,
and the observation window, the query
is then generated. The query builder in-
terface creates an array of objects (key-
value pairs) in JavaScript Object Nota-
tion (JSON) format that represent the
current user interface state, the query
definition, and additional metadata de-
scribing the query. The query translation module automatically translates the user’s query into actual MongoDB
statements, and then the query execution module sends the translated MongoDB statements to the corresponding data
sources to execute the query. Leveraging the advantages of ELII design, SCCQ can return the list of unique patient
identifiers instead of returning the patient counts. Such a list offers our interface extra features for simple demographic
visualization and row-level cohort data access with a single click.

!"#$%
&$'$($)*

!"#$%&!'()'(

*++,#-./#0$

1'
23
'4
/5
./
.

5.
/.
&1
'/
3(
$'
6

7.+&
8,'.9,'/:

;(.+"4&
8<,0/,%=>>+,0/: ?'@/

Figure 3: The workflow of R-Shiny application.

After the SCCS query, the patients are categorized into two
groups: 1) Before group, which contains all patients who had out-
come event before the index event, and 2) After group, which in-
cludes all patients who had outcome event after the index event.
Figure 2(b) shows the Venn diagram to visually represent the logic
relationship between two groups: 1) Before+After, which con-
tains all patients who had outcome event before or after the index
event, 2) Before-After, which includes all patients who only had
outcome event before the index event, 3) Before&After, which
consists of all patients who had outcome event before and after
the index event, and 4) After-Before, which contains all patients
who only had outcome event after the index event. Thus, we have
a total of 6 different patient groups, each of which can be exported
and visualized independently.

3.3 Cohort information visualization

The results of SCCS queries are saved to the local database and can be exported to CSV files. The CSV files provide
the detailed data necessary for analysis and the query results saved in the local database will be the data source for
the visualizations. With dedicated R packages, including plotly, ggplot, and leaflet, we develop several R-Shiny appli-
cations (as shown in Figure 3), which contain different modalities for interactive visualization of cohort information,
such as demographic distributions, diagnosis, and medication history. Such visualizations allow the researcher to get
an overview of the information of extracted cohort in the first place, so that query details can be adjusted and refined
in the further step of the study. Another benefit is that the researcher may identify new patterns and conduct research
accordingly. For highly motivated researchers, new visualizations can be added by leveraging the same data in the
local database or by using the CSV files in an analysis software package of their choosing.

4 Experiments and Results

4.1 Data repository

Over 30 billion records (with dataset version of 20210916) were processed from more than 2.5 TB of raw text files
and stored in our MongoDB database, including demographics, diagnoses, procedures, lab tests, care settings, and
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medications. Table 1 presents a summary of the demographic of the patients in the database. There were about 7
million patients in our database, of which 56.29% were female, 43.60% were male, and 0.11% had unknown gender.
The age was normally distributed, with the majority (81.65%) of patients between 20 and 80 years of age, 12.26% of
patients were younger than 20 years old, and 6.07% of patients were older than 80 years old. The race distribution
showed that 72.89% of patients were Caucasian, 10.93% were African American, 2.18% were Asian, and 14% were
other/unknown. The ethnicity distribution demonstrated that 77.25% of patients were not Hispanic, 6.86% were
Hispanic, 15.89% were unknown. The region distribution presented that 45.35% of patients were from Midwest,
23.80% were from the Northeast, 16.22% were from the South, 10.22% were from the West, and 4.41% were from
other regions.

4.2 SCCS query builder interface
Table 1: The summary of OPTUM® COVID-19 EHR data.

Category Number of Patients Percentage (%)

Gender
Female 3,919,943 56.29
Male 3,036,319 43.60
Unknown 7,512 0.11

Age
less than 20 years old 853,768 12.26
20-80 years old 5,685,793 81.65
more than 80 years old 423,143 6.07

Race

Caucasian 5,075,755 72.89
African American 760,830 10.93
Asian 151,570 2.18
Other/Unknown 975,619 14.00

Ethnicity
Not Hispanic 5,379,257 77.25
Hispanic 477,760 6.86
Unknown 1,106,757 15.89

Region

Midwest 3,158,067 45.35
Northeast 1,657,653 23.80
South 1,129,698 16.22
West 711,323 10.22
Other/Unknown 307,033 4.41

COVID-19 Confirmed 990,842 14.23

Vaccinated

Pfizer (only) 793,729 11.40
COVID-19 Moderna (only) 504,944 7.25

Janssen 57,856 0.83
Moderna and Pfizer 5,361 0.08
AstraZeneca 714 0.01

SCCQ allows the expression of SCCS
criteria as variables/query terms using
SCCS query builder interface, which can
be executed as a one-time search to es-
timate the eligible patient cohort. Fig-
ure 4 shows the SCCS query builder in-
terface with three areas annotated. In
the outcome event area (Figure 4.A), re-
searchers can define the outcome diag-
nosis event with the 10th revision of
the International Classification of Dis-
eases (ICD-10) code, for example, R430
was used to define the outcome event as
anosmia. Index event area (Figure 4.B)
provided three pre-defined events, in
the corresponding drop-down menu, for
COVID-19 related studies: 1) COVID-
19 PCR-positive, returning patients with
positive COVID-19 PCR test results, 2)
COVID-19 vaccination, returning pa-
tients who have received at least one
dose of COVID-19 vaccine (regardless
of vaccine brand), and 3) influenza vaccination, returning patients who have been vaccinated against influenza. For
COVID-19 PCR-positivity and COVID-19 vaccination, we used the first PCR-positive/vaccination date as the index
date, while for influenza, the most recent date was considered as the index date. As shown in Figure 4.B, it supported
multiple index events, each of which was treated as a separate study for SCCS analysis (i.e., there is no relationship
between the index events). The purpose of this feature is to facilitate users to compare the SCCS results of different
index events. Currently, SCCQ only supports SCCS analysis of a single index event, and SCCS analysis involving
multiple index events will be supported in future work. The observation window size was defined in the observation
window area (Figure 4.C). Eventually, the SCCS query in Figure 4 can be translated to “Find COVID-19 PCR-positive
patients with the diagnosis of anosmia within 30 days before and after their first PCR-positive date between March
1st, 2020 and March 1st, 2021”. SCCQ offered two alternative strategies for censored patients (i.e., patients without
sufficient observational data): remove or adjust (Figure 4.C). The remove strategy simply removed incomplete data,
and adjust strategy applied the inverse-probability-of-censoring weighting42 for adjustment to achieve a more accurate
assessment of variability across control and exposure periods.

The query results displayed the number of patients for each group (Figure 4.D). An R-Shiny application for cohort
information visualization will be launched by clicking on the corresponding chart icon. The cloud-download icon
allowed researchers to export the EHR data for patients in the corresponding group. We calculated two rates using
group Before and group After-Before to provide rough estimates of the probability of an outcome event occurring
before and after the index event, respectively. As shown in Figure 4, there were 15.44% patients diagnosed with
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Fi g u r e 4: T h e S C C S q u er y b uil d er i nt erf a c e.

a n os mi a b ef or e t h e C O VI D- 1 9 P C R- p ositi v e d at e, w hil e 8 4. 5 6 % of p ati e nts w er e n e wl y di a g n os e d wit h a n os mi a (i. e.,
n o pri or a n os mi a hist or y) aft er t h e C O VI D- 1 9 P C R- p ositi v e d at e. S u c h a hi g h pr o p orti o n of n e wl y di a g n os e d a n os mi a
p ati e nts i n di c at e d a hi g h c orr el ati o n b et w e e n C O VI D- 1 9 a n d a n os mi a.

4. 3  R- S hi n y i nt e r a cti v e vis u ali z ati o n
T a bl e 2: C O VI D- 1 9 o ut c o m e c as e st u di es usi n g S C C Q.

Dis e as e/ S y m pt o m I C D- 1 0 ( Aft e r- B ef o r e)/( Aft e r + B ef o r e)
A n os mi a R 4 3 0 8 4. 5 6 %
C o u g h R 0 5 8 2. 3 7 %
F e v er R 5 0 9 8 2. 1 3 %
S or e t hr o at J 0 2 9 8 0. 0 4 %
F ati g u e R 5 3 8 3 7 9. 3 8 %
H e a d a c h e R 5 1 7 9. 3 1 %
R e n al f ail ur es N 1 7 9 7 8. 8 3 %
M y o c ar di al i nf ar cti o n I 2 1 7 8. 4 8 %
C h est p ai n R 0 7 7 7. 4 5 %
P ul m o n ar y fi br osis J 8 4 1 7 3. 7 6 %
A c ut e is c h e mi c str o k e R 0 7 6 3. 8 0 %
E y e pr o bl e m H 5 7 9 6 2. 1 6 %

R a n d o m S el e cti o n 2 0 0 I C D- 1 0 C o d es 5 0. 9 4 %

Pr e g n a n c y Z 3 4 3 1. 6 7 %

We d e v el o p e d t w o m o d aliti es t o f ul fill t h e m ost
c o m m o n vis u ali z ati o n n e e ds: dis c o v eri n g p at-
t er ns/tr e n ds. Fi g ur e 5 s h o ws t h e m o d alit y f or
si n gl e c o h ort i nf or m ati o n i nt er a cti v e vis u ali z a-
ti o n i n cl u di n g d e m o gr a p hi c, t o p 2 0 di a g n osis,
t o p 2 0 pr o c e d ur es, a n d t o p 2 0 m e di c ati o ns. I n
t h e d e m o gr a p hi c vis u ali z ati o n, b y cli c ki n g o n
t h e gr a p h, t h e r es e ar c h er c a n drill- d o w n t o a
s p e ci fi c s u b- c o h ort a n d all vis u ali z ati o ns will
b e u p d at e d wit h t h e s el e ct e d s u b- c o h ort. F or
e x a m pl e, t h e b ott o m of Fi g ur e 5 s h o ws d e m o-
gr a p hi c i nf or m ati o n f or t h e s u b gr o u p t h at i n-
cl u d e d o nl y f e m al e C a u c asi a ns, w hil e cli c ki n g
o n t h e t o p t a b r e m o v es t h e s el e ct e d c o n diti o n.
Fi g ur e 6 s h o ws t h e m o d alit y f or i nt er a cti v e vi-
s u ali z ati o n of c o h ort i nf or m ati o n c o m p aris o n. E a c h c ol u m n r e pr es e nt e d diff er e nt c o h orts, a n d e a c h r o w w as t h e it e m
t o b e c o m p ar e d. As s h o w n i n Fi g ur e 6, it c o m p ar e d t h e d e m o gr a p hi c distri b uti o ns, t o p 2 0 di a g n osis c o d es a n d t o p 2 0
pr o c e d ur es b et w e e n gr o u p B ef or e a n d gr o u p Aft er . All m o d aliti es ar e e xt e n d a bl e a n d i nt er c h a n g e a bl e s o t h at a d diti o n al
vis u ali z ati o ns c a n b e i m pl e m e nt e d as n e e d e d.

4. 4  C O VI D- 1 9 o ut c o m e c as e st u d y

We p erf or m e d m ulti pl e C O VI D- 1 9 o ut c o m e c as e st u di es wit h e xisti n g dis e as es or s y m pt o ms t h at h a v e b e e n d e m o n-
str at e d t o b e ass o ci at e d wit h C O VI D- 1 9 t o v ali d at e t h e eff e cti v e n ess of o ur S C C Q q u er y e n gi n e. S y m pt o ms list e d
b y C e nt ers f or Dis e as e C o ntr ol a n d Pr e v e nti o n ( C D C) 4 3 i n cl u d e d f ati g u e (I C D- 1 0: R 5 3 8 3), c o u g h (I C D- 1 0: R 0 5),
f e v er (I C D- 1 0: R 5 0 9), c h est p ai n (I C D- 1 0: R 0 7), a n os mi a (I C D- 1 0: R 4 3 0), h e a d a c h e (I C D- 1 0: R 5 1), a n d s or e t hr o at
(I C D- 1 0: J 0 2 9). C O VI D- 1 9 r el at e d dis e as es i n cl u d e d p ul m o n ar y fi br osis (I C D- 1 0: J 8 4 1) 4 4 , r e n al f ail ur e (I C D- 1 0:
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Figure 5: The cohort information visualization.

N179)45, myocardial infarction (ICD-10: I21)46, acute ischemic stroke (ICD-10: I63)47, 48, and eye diseases (ICD-10:
H579)49. We randomly selected 200 ICD-10 codes as outcomes, kept all other settings unchanged, performed SCCS
analysis, and took the average value as a reference for comparison. With such a reference, it facilitated the deter-
mination of whether the queried disease is associated with COVID-19. We also added pregnancy (ICD-10: Z34) as
an event unrelated to COVID-19 as a negative test. As shown in Table 2, the results were consistent with existing
published studies with higher rates of both COVID-19 symptoms and COVID-19 associated diseases. The lower rate
of pregnancy indicated that it was not associated with COVID-19.

5 Discussion

Since the COVID-19 epidemic, the size of the dataset used in our study has increased rapidly, from 0.6 million
patients in June 2020 to 7 million patients with the latest release, and the volume of raw data has grown from 200 GB
to 2.5 TB. At the same time, there is a dramatic increase in research topics related to COVID-19. The primary goal is
to utilize a large-scale longitudinal observational database containing time-stamped patient-level medical information
(including COVID-19 exposure periods and diagnosis dates for millions of patients) to investigate the relationship
between COVID-19 as time-varying and adverse events associated with health outcomes. Statistical methods for such
large-scale dataset have to deal with computational challenges related to data size and also need to address confounding
and other biases that can undermine estimates of effect sizes19. Since each individual serves as its own control, the
SCCS indirectly controls for fixed baseline covariates. Furthermore, the analysis requires only exposed patients, which
is computationally advantageous. Therefore, we applied the SCCQ on this OPTUM® COVID-19 EHR data.

In the traditional paradigm, once clinical investigators attempt to perform a preliminary analysis with EHR data,
they need to go through multiple procedures, including defining the cohort, submitting a data request to the database
administrators to export the data, and working with the data analysts to obtain the results. Each step may involve several
rounds of revisions. The whole process can take days or even weeks. SCCQ seeks to create a paradigm that gives
clinical investigators and data analysts a direct access to data and exploration tools and then conducts collaborative
data exploration. For clinical investigators, it reduces the time it takes to access data, breaking the limitations of the
previous data access paradigm, from what could take days or even weeks to having data available in minutes. On
the other hand, in SCCQ, the entire process of generating cohorts based on the SCCS design is automated, which has
greatly improved the ability to quickly release data to researchers with large-scale EHR data and reduced the burden
on data analysis teams. The ability to quickly access data, combined with information visualization tools, can increase

356



Group AfterGroup Before Group Before Group After

Figure 6: The visualization for cohort information comparison.

the productivity of researchers in different studies, thus leading to shorter research cycles.

There is more than one strategy for visualizing information of EHR data. One alternative we have designed is to use
existing libraries such as D3 (Data-Driven Documents)50 or Highcharts51 to develop visualization interfaces. How-
ever, the development of dedicated software is undoubtedly an expensive process. The difficulty of development
increases exponentially as the number of visualization types increases and the need for more interactive visualizations
arises, which is not scalable and extendable. We avoid the need for complicated programming visualizations for the
web application by designing visualization modalities within the R-Shiny ecosystem, which removes the burden of
designing visualizations compatible with different web browsers, platforms, and devices. This should improve the
researchers’ experience by providing a consistent and professional visualization environment. R-Shiny is widely used
in the research field because it provides a professional visualization library, is easy to use, does not require a strong
programming background, and is free and open source. Our visualization modalities based on R-Shiny can be reused
for different studies, and other researchers can also use R-Shiny to do research-specific analysis on CSV files exported
from SCCQ. In addition to visualization, the R framework also provides powerful statistical analysis capabilities.
Leveraging these advantages, we will develop more powerful and integrated applications that combine visualization
and statistical analysis in the future.

SCCQ is designed and implemented on top of ELII24, which is specially designed for fast temporal query on large
EHR-derived data sources and has a high scalability and generalizability. SCCQ inherits these features from ELII and
is applicable to different structured EHR data.

Limitations. Many methods exist for designing SCCS for studies with different purposes, and we have implemented
only one of them in our application. In future work, we will offer a variety of SCCS methods to be selected, add
more options of index events, and add more statistics on the results in the future. For outcome events, to improve
usability, we will build a special database and import all ICD codes into it. Users can search and select ICD codes
by keywords instead of entering them directly. For censored patients, we will apply different adjustment methods. In
terms of visualization, preliminary results only presented basic information, such as demographics. In future work, we
will extract more clinical data such as BMI, HbA1c, metabolic panel, and blood pressure and visualize them through
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different chart types such as box plots and stacked bar charts.

6 Conclusion

We introduced SCCQ, a query engine to meet data exploration needs for SCCS queries. SCCQ supports both interac-
tive cohort information visualization and raw data records export to assist the researcher in effectively exploring and
understanding EHR data. Our preliminary validation and evaluation experiments using a large-scale COVID-19 EHR
dataset shows that SCCQ is a unique tool providing comprehensive support for cohort exploration, data extraction, and
information visualization for structured EHR data, thus lowering the barrier for clinical and epidemiological research
that uses the SCCS method.
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