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Abstract

As Electronic Health Records (EHR) data accumulated explosively in recent years, the tremendous amount of
patient clinical data provided opportunities to discover real world evidence. In this study, a graphical disease
network, named progressive cardiovascular disease network (progCDN), was built based on EHR data from
14.3 million patients 1 to delineate the progression profiles of cardiovascular diseases (CVD). The network
depicted the dominant diseases in CVD development, such as the heart failure and coronary arteriosclerosis.
Novel progression relationships were also discovered, such as the progression path from long QT syndrome
to major depression. In addition, three age-group progCDNs identified a series of age-associated disease
progression paths and important successor diseases with age bias. Furthermore, we extracted a list of salient
features to build a series of disease risk models based on the progression pairs in the disease network. The
progCDN network can be further used to validate or explore novel disease relationships in real world data.
Features with sufficient abundance and high correlation can be widely applied to train disease risk models
when using EHR data.

Introduction

Accumulating evidence have shown that diseases are associated with each other1–5. Since molecular com-
ponents were functionally interdependent in a human cell, a disease was rarely caused by abnormality of
one single gene but the perturbations of the complex intracellular network6. In other words, diseases were
associated due to the intersection of their underlying molecular components. For example, the action poten-
tial of a cardiomyocyte required the coordinated actions of more than twenty different ion transporters and
channels, leading to complex interactions underlying cardiovascular diseases such as atherosclerosis, cardiac
hypertrophy, heart failure and arrhythmias1. Metabolic syndromes, such as glucose intolerance, obesity,
hypertension, and dyslipidaemia,5,7 also showed dysregulation associations in essential components.

Disease network is a well-known approach to delineate the relationships among human diseases2,4. A seminal
work, the human disease network (HDN)2, leveraged the gene mutation and phenotype data to discover
disease connections. The edge between two disease nodes represented that at least one gene mutation was
shared between these two diseases. While HDN discerned the genetic origins or general patterns of human
diseases, other studies8,9 identified disease-disease associations based on similarity of mRNA, microRNA
expression for predicting new uses of existing drugs, namely, drug repurposing.

However, estimating the disease connection solely based on the molecular level could be misleading since
the same mutation or similar expression may not determine disorders in real clinical diagnoses. Real world
data has the potential to address this challenge because it captures the actual clinical observations. With
the explosive accumulation of electronic health records (EHR) data, building disease networks based on real
world data became a reality. Recent studies identified the co-occurring diagnoses among diseases as disease
connections10–12. The identified highly correlated diseases or disease modules had biological interpretations,
which provided evidence that this could be a new strategy for driving further understanding of diseases.

Although existing disease networks are able to identify a series of disease connections, they do not use the
1Data of 14.3 million individuals, pooled from multiple different healthcare systems with distinct EHR, were obtained. Data

were standardized and normalized using common ontologies, searchable through a HIPAA-enabled, de-identified dataset (IBM
Inc.). Patients were cardiovascular patients cohort seen in multiple healthcare systems from 2010 - 2019 with a combination of
data from clinical EMRs, healthcare system outgoing bills, and adjudicated payor claims.
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temporal information to identify disease progression profiles. In order to overcome this challenge and identify
the temporal associations among human diseases, we propose the progressive cardiovascular disease network
(progCDN) to discover the disease connections and temporal associations among cardiovascular diseases. The
EHR records from 14.3 million cardiovascular disease (CVD) patients were collected for network construction.
Although several previous studies had constructed disease networks on CVDs1,13–16, most of them focused
only on undirected associations among diseases, such as whether they share common genes. In our study, we
leverage the time stamps of diagnoses to build progCDN with directed edges based on temporal associations.
These temporal patterns extracted from the large data set provided us with opportunities to identify novel
disease connections.

We used new designed methods, progression rates (Methods), to delineate a comprehensive progression profile
of diverse CVDs in progCDN. Using the network, we observed general and specific disease progression paths
among CVD patients. An imbalanced distributions of disease progression profile was also observed in different
age groups. According to the disease network, we identified EHR data features with high performances and
developed a series of risk models.

Results

Properties of disease network

Using the disease progression associations identified from EHR data, we built the progressive cardiovascular
disease network (progCDN) to capture the progression and comorbidities of CVDs (Figure 1). The network
contained 93 SNOMED CT-based diseases17 as nodes, including 35 source nodes (predecessors) and their
target nodes (successors), with 796 directed edges (Methods, Table 1). The nodes were classified into 9 disease
classes and labeled with corresponding colors. The directed edges (with arrow) indicate the progression path
from predecessor to successor. We observed that except for 35 selected predecessors, the other 58 diseases
in different classes, such as hematologic, nutritional, genitourinary and infectious diseases, were diagnosed
among the patients who had CVDs. Meanwhile, the patients with CVDs also had a tendency to develop
more serious CVDs, such as coronary arteriosclerosis or heart failure, which indicated the complexity of the
CVD progression pattern.

Next, we focused on the nodes with the highest number of direct connections (Figure 2A). By ranking the
number of connections (degree property D), we observed that heart failure (including congestive heart failure
[D = 69], chronic heart failure [D = 69], heart failure [D = 62] and acute heart failure [D = 61]), coronary
arteriosclerosis (D = 50) and atrial fibrillation (D = 50) had the most direct links with other diseases,
indicating that these diseases were dominant in disease development and these diseases should be managed
with high priority in medication. On the other end of the scale, several diseases, such as tachyarrhythmia,
Hypoxemia and cellulitis, had only one direct connection with other diseases.

To discover the important predecessors and successors, we ordered the nodes by outgoing degree (Do) and
incoming degree (Di) (Figure 2B, C). The acute heart failure (Do = 52) and chronic heart failure (Do = 51)
nodes had the highest number of outgoing connections, indicating that these diseases are likely to progress
to more severe conditions. Coronary arteriosclerosis and acute renal failure syndrome (Di = 31) have the
highest number of incoming connections, indicating that there are many diverse pathways leading to these
conditions and these diseases should be concerned in CVD medication. Though a lot of important successors
are CVDs, we also found that CVD patients are likely to develop pneumonia and sepsis (infectious disorders),
acute respiratory failure (respiratory disorders), or chronic kidney disease (genitourinary disorders), which
are consistent with previous studies18–22 (Supplementary Table 1). Additionally, progCDN also delineated
several specific progression pairs, such as peripheral venous insufficiency followed by cellulitis and hypoxemia
followed by heart failure.

Since our EHR cohort contained a very large volume of patient records, we further interrogated the progres-
sion paths of the rare disease, long QT syndrome (LQTS) (Figure 2D), which is a heart rhythm condition
and is identified by abnormal interval prolongation on the electrocardiogram. This disorder could cause fast,
chaotic heartbeats and even sudden cardiac death in young individuals with normal cardiac morphology23.

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted September 10, 2020. ; https://doi.org/10.1101/2020.09.09.290585doi: bioRxiv preprint 

https://doi.org/10.1101/2020.09.09.290585


Mitral valve disorder

Anemia

Coronary arteriosclerosis

Congestive heart failure

Atrial fibrillation

Coronary arteriosclerosis in native artery

Conduction disorder of the heart

Chronic heart failure

Mitral valve regurgitation

Benign essential hypertension

Acute renal failure syndrome

Heart failure

Hypokalemia

Low blood pressure

Cardiomegaly

Chronic kidney disease

Pneumonia

Chronic obstructive lung disease

Essential hypertension

Hyperlipidemia

Gastroesophageal reflux disease

Pure hypercholesterolemia
Osteoarthritis

Gastroesophageal reflux disease
 without esophagitis

Nicotine dependence

Mixed hyperlipidemia

Old myocardial infarction

Peripheral vascular disease

Constipation

Hypertensive renal disease

Dehydration

Chronic kidney disease stage 3

Angina

Obstructive sleep 
apnea syndrome

Peripheral venous insufficiency

Obesity

Cellulitis

Cellulitis and abscess of lower leg

Morbid obesity

Diabetes mellitus

Tricuspid valve disorder

Hypothyroidism

Acute heart failure

Adverse effect, caused by correct 
medicinal substance properly administered

Acute respiratory failure

Hypo-osmolality 
and or hyponatremia

Cardiomyopathy

Venous embolism

Venous thrombosis

Deep venous thrombosis of lower extremity

Depressive disorder

Orthostatic hypotension

Urinary tract infectious disease

Syncope

Syncope and collapse

Major depression, single episode

Falling injury

Nausea and vomiting

Premature beats

Disorder of carotid artery

Carotid artery stenosisCarotid artery occlusion

Diabetes mellitus type 2

Chronic ischemic heart disease

Hyperkalemia

Renal hypertension

Kidney disease

Disorder of ureter

Sepsis

Pleural effusion

Preinfarction syndrome

Paroxysmal atrial fibrillation

Iron deficiency anemia

Acidosis

Acute posthemorrhagic anemia

Heart disease

Dysphagia

Acute exacerbation of chronic 
obstructive airways disease

Leukocytosis

Anemia of chronic disorder

Right bundle branch block

Pulmonary embolism

Pulmonary infarction

Malignant essential hypertension

Atherosclerosis of aorta

Disorder of the urinary system

Hypoxemia

Aortic valve disorder

Chronic pulmonary heart disease

Long QT syndrome Anxiety disorder

Tachyarrhythmia

Cardiovascular Disorders Other

Hematologic Disorders

Nutritional Disorders

Genitourinary Disorders

Infectious Disorders

Neurological Disorders

Respiratory Disorders

Endocrine Disorders

Digestive System Disorders

Psychiatric Disorders

Figure 1: Disease progression network of the CVD diseases. Nodes represent diseases based on Snomed-CT
system. Each node was classified into different disease clusters with corresponding color (red for cardiovas-
cular diseases, light blue for nutritional diseases, blue for infectious diseases, brown for respiratory diseases,
light orange for hematologic diseases, violet for genitourinary diseases, violet for genitourinary diseases, or-
ange for neurological diseases, yellow for endocrine diseases and green for other diseases). The size of the
node represents the degree value of the disease. The edges with array indicate the progression path from
source node (predecessors) to target node (successors). The color of edge is identified by the target node
class.

In our data, we observed that LQTS happened among young people (Supplementary Figure 1). After the
diagnosis of LQTS, patients are more likely to develop chronic heart failure, tachyarrhythmia and heart
failure, which is consistent with current knowledge24,25. Notably, major depression is also a successor of
LQTS (PR = 3.3). However, few publications studied this relationship26, which requires further studies.

Disease progression across age groups

Though CVDs are diagnosed in all ages (Supplementary Figure 1), patients in different age groups may have
different disease progression patterns. To investigate the disease developments across the strata of age, we
divided patients into 3 age groups, young (age from 18 to 35), middle-aged (age from 36 to 55) and elderly
(age from 56 to 90) referring to previous strategy27.

Three progCDN instances are constructed according to the different age groups (Supplementary Figure 2-4).
We found 59 common successors were shared among these age groups (Figure 3A) and 130 successors were
specific to each age group (20 for young, 24 for middle-aged, and 86 for elderly). In addition, the middle-aged
group shared 57 diseases with the elderly group, which were far more than the successors shared between the
young and middle-aged groups (15 diseases) as well as the ones shared between the young and the elderly
disease groups (3 disease), indicating that patients age � 36 have more commonalities.
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Figure 2: Bar plots indicate the degree of disease network and the progressed diseases of long QT syndrome.
The top 10 nodes with highest degree (A), incoming degree (B) and outgoing degree (C) of the disease
network. (D) The top 10 successors with highest progression rate of long QT syndrome.

Among 59 common successors, some were general conditions, such as low blood pressure, hypokalemia and
anemia (Supplementary Table 2), which have been previously reported as the comorbidities of cardiovascular
diseases28–31. A series of diseases showed imbalanced distribution in different age groups (Figure 3B). For
example, patients in the middle-aged and the elderly groups tend to have syncope after the diagnosis of
CVDs, while dysphagia and obstructive sleep apnea syndrome are more likely to occur after CVD diagnosis
in the young CVD patient group. Although syncope and obstructive sleep apnea syndrome are both highly
associated with cardiovascular diseases, the age distribution of them have not been discussed before32. In
addition, the relationship of dysphagia and CVDs was seldomly reported before, which is another novel
finding to be studied in the future.

Further, we focused on the degree property (D) and the incoming degree (Di) to identify important nodes
in different age groups. Heart failure (as well as chronic heart failure, congestive heart failure and acute
heart failure) occurred in all age groups with a high rank of degree property, which are consistent to the
general disease network (Figure 2A). When ranking the incoming degree of nodes in each age group, we
observed that hypokalemia, sleep apnea and pneumonia are more likely to be a successor condition in the
young group. Serious diseases, such as old myocardial infarction, acute renal failure syndrome, hyperkalemia
and chronic kidney disease, performed as important successor diseases in the middle-aged group with high
incoming degree value. In addition, the severe diseases, such as chronic diastolic heart failure, tricuspid valve
disorder and chronic pulmonary heart disease are more likely to be targeted in the elderly group.

Additionally, we also found several age-associated disease pairs with high PR values (Supplementary Table
1). In the young group, patients who had acute heart failure would progress to low blood pressure (PR =
10.8), which is consistent to previous studies33. The cardiomyopathy patients in the middle-aged group are
likely to have heart failure in the next few years (PR = 25.1) while pulmonary infarction (PR = 25.7) and
pulmonary embolism (PR = 22.9) tends to progress to venous thrombosis in the elderly group.

Disease network identifies risk models for disease prediction

ProgCDN indicated the connections among diseases, which can help us understand the progression of CVDs.
Risk models based on these progression pairs could benefit patient in clinical treatment. However, the
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traditional strategy for designing risk models requires a long time in collecting patient cohort and expert-
advised features. Further, the expert-advised features sometimes are unavailable or difficult to obtain in EHR
databases. Thus, it is beneficial to identify features that are highly correlated with successors of interest and
sufficiently available in EHR databases. The IBM Explorys database34 contains rich medical test data and
demographic information, which enabled us to identify important features. Using the identified features,
a series of risk models could be constructed in a short time. Hence, we next used a data-driven strategy
(Figure 4A) to select the most correlated features of given disease pairs and used these features to build risk
models.

We selected 23 disease pairs (Supplementary Table 3) based on ProgCDN for feature selection and risk
model development. By extracting the features with sufficient data in the EHR database, we collected 243
features as a preliminary dataset for feature selection (Methods). As the pipeline showed (Figure 4A), for
each disease pair, the top 10 features with highest importance value were retained (Supplementary Table 4).

We observed that identified features were highly associated with the successors. For example, urea nitrogen
and creatinine are identified as key features in the risk model for the hyperlipidemia-CKD (Chronic kidney
disease) pair, which is consistent to the knowledge that these two features are usually used for glomerular
filtration rate estimation (GFR)35. Though the GFR and cystatin C are important biomarkers for kidney
disease36, these two features are filtered in our pipeline due to poor data abundance, indicating that parts
of well-known features may not have sufficient data abundance in EHR data. Meanwhile, we also detected
several important but rarely reported features, such as thyrotropin and hematocrit, which could be regarded
as candidate biomarkers in the future studies.

By using the top 10 features of each disease pair, we next built a series of risk models with 2-year observation
window and 3-year prediction window (Methods). By ranking the AUC value of risk models, we observed
that some risk models had excellent performance (Supplementary Table 4), such as Type 2 diabetes mellitus
(T2DM) to CKD (AUC = 0.83) and Hyperlipidemia to CKD (AUC = 0.83). However, a few risk models,
such as AF to Venous embolism (AUC = 0.56) and LQTS to major depression disorder (MDD) (AUC =
0.54), showed bad performance, which indicated that not all disease progression pairs were appropriate for
designing risk models in our EHR database. Since the disease pairs with the same successors showed similar
performance, we next grouped the risk models by successors (Figure 4B). We observed that kidney diseases,
such as chronic kidney diseases and acute renal failure syndrome (ARFS), performed much better than
psychological diseases such as MDD. This situation may be caused by the features extracted from the EHR
database. The majority of the data in the EHR database are laboratory test results, which could represent
the metabolic status but cannot reflect the mental situation of patients. Thus, the kidney diseases, which
could be predicted by biomarkers, would have better performance.
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Figure 4: Identification of important features in EHR database. (A) The schema presents our strategy to
identify top 10 features of given disease pair and build corresponding risk models. (B) The mean AUC values
of the risk models grouped by target diseases.

Further, to identify the frequently used features among these features, we collected the features in the high-
performance risk models (AUC > 0.65) and calculated their mean rank level. Urea nitrogen, platelet mean
volume, age, creatinine and albumin are the top 5 ranked features, which are used frequently in our selected
risk models (Supplementary Figure 5). These frequently used features are correlated with the diseases and
have sufficient data in the EHR database, which could provide guidance for further research of prediction
models based on EHR data.

Methods

Disease network construction

To analyze the progression pattern and comorbidities of cardiovascular diseases, we collected the patients
with cardiovascular disease diagnoses from the IBM Explorys database34 to construct the cohort. The cohort
contained 14.3 million patients aged 18 to 90 years old who have diagnosis information between 2010-2016.
Next, 31 CVD diseases with high frequency of diagnosis (frequently used SNOMED CT items17) were selected
as predecessors in the disease network. Hypertension, hyperlipidemia and diabetes mellitus type 2 are known
to be highly associated with CVD diseases and were also included as predecessors. Since the sample size was
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large enough, a rare CVD disease, Long QT syndrome, was also listed as a predecessor for further analysis
(Table 1).

In the disease network, each node represents a disease with an associated SNOMED CT code17. Two nodes
are connected by a directed link if one has progression tendency towards the other one. To identify the
progression tendency, we designed a new measurement, progression rate (PR), to measure the correlation
degree between two diseases.

The nodes and edges with PR > 2.5, Irandom > 0.5% were retained for disease map construction (Figure 1;
Supplementary Figure 2-4). For visualization of Figure 1, we kept the nodes and edges with Iobserved > 5%.
The network software Gephi37 and Fruchterman Reingold clustering algorithm38 were used to construct the
disease network. The nodes were clustered into major disease classes according to previous work39.

Feature selection

To investigate the important features for developing risk models, we empirically selected 23 reasonable disease
pairs in the disease network. 239 medical lab test features (Table 2) with sufficient data abundance (at least
1,000,000 patients records), age, gender, habits of alcohol and tobacco use were collected for feature selection.
For each disease pair, we set a 2-year observation window before the diagnosis of the predecessor diseases
and a 3-year prediction window after. In the observation window, the median value of all laboratory tests
during these 2 years were computed. Outcome was set as 1 if the successor disease happens (or 0 if the
successor disease doesn’t happen) within 3 years after the predecessor disease was diagnosed.

Thus, for each disease pair, we used a dataset with 243 features for feature selection. To extract the features
with sufficient data towards a given disease pair, we filtered the features whose data abundances were less
than 20% among these 243 features (on average, 60.7 features retained among the different disease pairs). To
avoid losing information, we filtered the records with any drop-out among all features for feature selection.
GBDT (Gradient Boost Decision Tree) algorithm was next used for calculating the feature importance.
Further, the top 10 features ranked by importance values were kept as the most important features of a
given disease pair.

After feature selection, the patient records with the top 10 features were collected to build risk models.
Records without any missing data were kept for training and testing. We used 3 common binary classification
algorithms, LR (Logistic Regression), RF (Random Forest) and GBDT models, to build the risk models.
The best AUC value among these 3 algorithms was used as the prediction performance.

Discussion

The analysis of EHR data enabled us to reveal real-world evidence (RWE) including the discovery of temporal
disease relationships. The comorbidities and progressed diseases of CVDs identified from RWE can provide
guidance for prevention and treatment in clinical practice. By analyzing 14.3 million patients records, which
is the largest cohort so far, we built a CVD progressive disease network (progCDN) that reflects the real-world
connections of among these diseases. We discovered common progressed diseases of CVDs, such as sepsis
and acute respiratory failure, as well as several specific progression paths, such as cellulitis from peripheral
venous insufficiency. The networks across the strata of age showed different progression patterns in different
age groups. For example, we identified common progressed diseases with imbalanced age distribution, such
as syncope, dysphagia, obstructive sleep apnea syndrome and osteoarthritis, as well as age-group specific
diseases such as acute heart failure to pneumonia in young patients. Finally, a series of features with high
correlation and abundance were extracted, which can be used by researchers to train risk models using EHR
database.

Although our progression rate approach was designed to reveal the sequential diagnoses after a diagnosis of
CVD, not all identified diseases exhibited an expected disease progression pattern. For example, patients
tend to be diagnosed as ”coronary arteriosclerosis in native artery” after the diagnosis of ”heart failure” (PR
= 7.6). However, based on common knowledge, ”heart failure” is more serious compared with ”coronary
arteriosclerosis in native artery”. This behavior may be explained by the following reasons. First, a patient
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who already had ”coronary arteriosclerosis in native artery” might not get the diagnosis due to no admission.
Then, when he was admitted to the hospital because of the heart failure, the coronary arteriosclerosis
in native artery would be diagnosed and recorded in EHR. Second, some of the diagnoses were used for
supplementary medication, such as gastroesophageal reflux disease. For example, the traditional CVD drug
aspirin is reported to cause the damage of gastrointestinal mucosa in the upper and lower gastrointestinal
tract. The proton pump inhibitor (PPI), a medication for gastroesophageal reflux disease, could be used as
combination therapy to prevent the damage40,41. To get the medication of PPI, patients would be diagnosed
as gastroesophageal reflux disease, which indicated that the gastroesophageal reflux disease we observed in
the successor list might not be the real progressed disease. Thus, although our novel algorithm is designed
to identify progressed diseases, the results still include many comorbidities, which implied that the diagnosis
information in the EHR data usually do not obey the time sequence strictly.

The progression rate is a new measurement for representing the degree of progression relationship. According
to its definition, the progression rate is similar to odds ratio (OR), which shows that the disease pair with
PR > 1 has a progression relationship. However, we found that parts of the PR values of randomly selected
disease pairs were also greater than 1. It may be partially explained by the enrichment of diagnoses among
admissions. Hence, this situation required us to set a stricter threshold for identifying the progressed diseases.
Hence, we used permutation strategy (Supplementary Figure 6; Supplementary materials) to get a suitable
threshold PR = 2.5 for further analysis.

The disease network enabled us to identify a series of potential risk models. For kidney disease, heart failure,
coronary arteriosclerosis or gout, the important features we identified, such as erythrocyte distribution width,
urea nitrogen, albumin, intravascular systolic, and creatinine, are highly correlated with them. However,
diseases such as major depression disorder or venous embolism may not be reflected by regular laboratory
test results. Indeed, for mental disease, researchers used the features such as Hamilton Depression Rating
Scale42 or metabolite profile43 to predict major depression. These features are not available in general EHR
databases. Thus, although the data in EHR data contain thousands of lab test features and many patient
records, these data are not suitable for predicting all diseases.

Furthermore, in our disease network, we use SNOMED CT items acting as nodes. Since the definitions of
diseases in SNOMED CT are clear and meticulous, we observed the connections at a high resolution. Though
the experts suggested that we need to merge parts of diseases together, such as heart failure, acute heart
failure, chronic heart failure and congestive heart failure, we still use the intrinsic SNOMED CT items as
nodes for delineating comprehensive real-world evidence.

In conclusion, the progCDN exhibited the disease progression profile among CVDs, which showed a series
of well-known progression pairs as well as novel progression paths. Future studies could focus on the hy-
potheses of causal relationship based on the pairs identified from progCDN. The identified features with high
correlation and abundance occurrence provided guidance for experts or researchers to build models using
EHR data. This work provides new avenues to leverage real-world data and new strategies to analyze them,
which partially unleash the treasure of these precious data.
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