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In this paper, we present VisAGE, a method that visualizes electronic medical records
(EMRs) in a low-dimensional space. Effective visualization of new patients allows doctors to
view similar, previously treated patients and to identify the new patients’ disease subtypes,
reducing the chance of misdiagnosis. However, EMRs are typically incomplete or fragmented,
resulting in patients who are missing many available features being placed near unrelated
patients in the visualized space. VisAGE integrates several external data sources to enrich
EMR databases to solve this issue. We evaluated VisAGE on a dataset of Parkinson’s disease
patients. We qualitatively and quantitatively show that VisAGE can more effectively cluster
patients, which allows doctors to better discover patient subtypes and thus improve patient
care.
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1. Introduction
In modern healthcare settings, doctors record the details of patient visits in electronic medical
records (EMRs), which are then collected in databases. At first, EMR systems were poorly
implemented; initial studies reported that they reduced physician productivity and lacked
data sharing capabilities.1 However, recent advances have improved recordkeeping and decision
support. For example, EMR systems have enhanced productivity in physician workloads2 and
have increased the delivery of health behavior counseling.3
Despite these advances, EMR systems can still benefit from human interpretation, which
allows for exploratory analysis and more control over decision-making.4 However, human interaction with EMR systems has been hindered. 37% of participants in a previous study reported
that interacting with their EMR databases was too time consuming.5 Another study showed
that when using EMRs, nurses face challenges that can threaten quality and safety of care.6
Both shortcomings can be addressed with information visualization, which can aid doctors in
processing and understanding complex, high-dimensional EMR data.
In particular, EMR visualization in a two-dimensional space is useful for observing disease
subtypes in patient clusters. Coherent clusters may elucidate a patient’s most significant characteristics by visualizing his or her proximity to successfully diagnosed patients.7 For example,
thoracic aortic dissections are commonly misdiagnosed as acute myocardial infarctions (MIs).8
Misdiagnosis in these cases is extremely harmful, as patients with aortic dissections treated
for MIs have mortality rates similar to that of untreated patients. Despite this risk, patients
with aortic dissections have a misdiagnosis rate of 39%.9 Fortunately, the most telltale signs
© 2017 The Authors. Open Access chapter published by World Scientific Publishing Company and distributed under the terms of
the Creative Commons Attribution Non-Commercial (CC BY-NC) 4.0 License.
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of aortic dissection (age, onset of pain, and syncope) are readily available in EMRs.10,11 An
effective visualization would utilize these features to place an undiagnosed aortic dissection
patient near similar patients, reducing the chance of misdiagnosis.
Unfortunately, designing an effective visualization system is a complicated task, as EMRs
are high-dimensional sources of data that consist of thousands of features. Because there
are many potential medical tests that a patient can take, but only a handful are relevant
to each patient’s condition, EMRs also tend to be sparse. Additionally, EMRs are typically
fragmented or incomplete due to human error. These reasons make it challenging to correctly
group together similar patients, leading to poor or even misleading visualizations.
To address these challenges, we present Visualization Assisted by Knowledge Graph
Enrichment (VisAGE), a method that enriches patient records with a knowledge graph built
from external databases. These databases include protein-protein interactions, genomic data,
and drug-chemical associations. Performing network embedding on the knowledge graph allows us to infer associations among different types of data to accommodate inexact matchings
of related features, which can alleviate data sparsity in EMRs. A major novelty of VisAGE
is that it is the first to use all of these data sources in EMR visualization. In the rest of the
paper, we describe our dataset, the details of VisAGE, and our evaluation process.
2. Data Description
While VisAGE is a general method that can be applied to any set of EMRs, we chose the
Parkinson’s Progression Markers Initiative (PPMI) dataset12 for the evaluation process. The
PPMI dataset contains a mix of Parkinson’s disease (PD) patients and control patients suffering from other diseases. We chose this dataset for two reasons: (1) it contains many feature
types, and (2) Parkinson’s disease is a complicated disorder the causes of which have been
attributed to complex combinations of genetic and environmental factors. We only considered
the 1,579 patients with baseline visits. This dataset includes 6,013 biospecimen, genetic, drug,
symptom, diagnosis, medical test, and demographic features. Feature types include binary,
numerical, and categorical features. We binarized the categorical features. On average, each
patient only has 261 of the 6,013 available features, which supports our previous assertion
that EMRs are typically sparse.
3. Patient Profile Matrix
In general, each EMR can be formally represented as a high-dimensional feature vector. Features can be any attributes of interest in an EMR. We first generated a p × n patient profile
matrix, M , from the data, where p is the number of patients and n is the number of features.
Thus, each row corresponds to a patient record and each column corresponds to a feature.
In our dataset, p = 1, 579 and n = 6, 013. Existing visualization methods use M directly as
input (see Related Work). However, as previously stated, M is typically sparse and thus
suboptimal for visualization. The main idea of VisAGE is to enrich M before visualization
by leveraging associations inferred from a knowledge graph. The enriched profile matrix, M 0 ,
then replaces M as the input to any visualization method. We later show that M 0 gives better
visualizations in several applications on our dataset.
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4. Patient Profile Matrix Enrichment
Our proposed method for enriching a profile matrix consists of three steps (Figure 1). The
first constructs a knowledge graph with external data sources and EMRs. The second performs embedding on the constructed graph to learn a similarity matrix. Lastly, the third step
multiplies M by the similarity matrix to obtain M 0 . We now describe each step in more detail.
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Fig. 1: The VisAGE pipeline. We first create a knowledge graph from multiple data sources. We
then perform network embedding on this knowledge graph, enrich the patient profile matrix,
and then visualize each patient in a two-dimensional space.

4.0.1. Knowledge Graph Construction
The knowledge graph is a heterogeneous network containing edges from four data sources.
(1) Protein-protein interaction network. We used the inBioMap database13 of proteinprotein interaction (PPI) edges. For a functional linkage between two proteins p1 and p2 ,
we created a node for p1 , a node for p2 , and an undirected edge {p1 , p2 } in the network.
There were 17,327 proteins and 606,194 edges in this network.
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(2) Single-nucleotide polymorphism enrichment. We integrated genomic data in the
form of single-nucleotide polymorphisms (SNPs), which are single variations in the human
genome. We identified SNPs that are highly enriched in PD patients in the dataset by
using a one-sided Fisher’s exact test.14 Overall, we found 3,900 SNPs with p-values < 0.05.
We then selected the nonsynonymous SNPs and determined if specific symptoms were
enriched in SNPs with another one-sided Fisher’s exact test. For each PD-enriched SNP
g , we created a node for g and an edge {g, s} if s was significantly enriched in g with a
p-value < 0.01. There were 34,324 SNP-symptom edges.
(3) Chemical-protein interaction network. We used STITCH, a database of known and
predicted interactions between chemicals and proteins.15 STITCH includes computationally predicted associations in addition to those aggregated from other databases. For each
drug d in the EMR data, if d’s active ingredient interacts with a protein p in the STITCH
database, then we created a node for d, a node for p, and an undirected edge {d, p}. There
were 7,218 drug-protein edges in this network.
(4) Electronic medical records. We directly added co-occurrence edges from each medical
record. For example, if a patient was diagnosed with symptom s and prescribed a drug d,
then we created a node s, a node d, and an undirected edge {s, d}. We repeated this for
all elements in each patient’s medical record.
The resulting network contained 23,886 nodes and 17,108,116 edges. The knowledge graph’s
purpose is to utilize the “guilt by association” rule: although many related medical concepts
may not directly co-occur in any medical records, they may indirectly share neighbors in the
knowledge graph through the protein-protein, SNP-symptom, and drug-protein edges.
4.1. Similarity Matrix Learning
We used the recently proposed method ProSNet to infer the relationships among the entities
in the knowledge graph.16 ProSNet performs a dimensionality reduction algorithm on heterogeneous networks to optimize a low-dimensional vector representation for each node. The
vectors of two nodes will be co-localized in the low-dimensional space if the nodes are near
each other in the heterogeneous network. After generating these vectors, we enriched the patient profile matrix. The similarities between the node vectors capture the latent relationships
among the external data sources and the information in the EMRs. VisAGE constructs an
n × n similarity matrix, S , where n is the number of features and Sij is the cosine similarity
between feature i’s low-dimensional vector and feature j ’s low-dimensional vector.
4.1.1. Enriching the Profile Matrix
After obtaining S , we generated the enriched patient profile, M 0 , with the following operation:
M0 = M × S

(1)

This multiplication allows features that are related but not semantically identical to partially match through similarity scores. As stated before, each patient in the original patient
profile matrix, M , only had an average of 261 nonzero features. On the other hand, each
patient in M 0 had 1,732 nonzero features.
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5. Evaluation
We wished to determine whether M 0 would lead to better visualization results than the original
patient profile matrix, M . Thus, we compared the results between using M 0 versus using M in
meaningful downstream visualization applications. Specifically, following previous studies,17,18
we used t-distributed stochastic neighbor embedding (t-SNE),19 an algorithm that can efficiently model high-dimensional objects as two-dimensional points, which makes it especially
well-suited for visualizing our dataset. We generated our visualization by running t-SNE with
default settings on the patient profile matrix M for the baseline and M 0 for VisAGE. This
created a new p × 2 matrix, so that each patient was finally reduced to two dimensions. We
plotted this matrix as a set of points. We now discuss our results when visualizing M 0 and M
in various applications.
5.1. Two-Dimensional Visualization with UPDRS
Using the two-dimensional representations of patient records, we labeled each record according to its unified Parkinson’s disease rating scale (UPDRS) scores. The UPDRS consists of
six sections, each containing survey questions that evaluate a patient’s physical and mental
condition.20 The questions deal with topics ranging from anxiety to sleeping problems, with
scores scaled from 0 to 4. A higher score indicates more severe impairment or disability. As in
previous work, we labeled each patient with the sum of his or her UPDRS scores.21
The main difference between VisAGE and the baseline is that in Figure 2, moderately
impaired patients (orange circles) on the right side of the plots were clustered more distinctly
in the VisAGE visualization, while the same patients were less structured in the baseline
visualization. The most severe Parkinson’s disease patients are marked by red squares, and
were clustered more tightly together in the VisAGE visualization than in the baseline. The
baseline’s worse performance can be attributed to the data sparsity of the EMRs.
5.2. Qualitative Evaluation: Drug and Symptom Enrichment
We qualitatively evaluated the visualization results by computing drug and symptom enrichments for each cluster. We used symptoms and drugs because they are strongly connected to
patient statuses and diagnoses. Thus, if a cluster is highly enriched in a symptom or drug,
then doctors will have a general idea of the cluster’s disease subtype. We first clustered the
two-dimensional patient representations with DBSCAN,22 which is robust to outliers and does
not need to specify the number of clusters. Because the PPMI dataset contains control patients to simulate noise, DBSCAN’s robustness to outliers is especially desirable. Additionally,
not having to specify the number of clusters a priori is useful for our application, as we do
not know the exact number of patient subtypes beforehand.
For the DBSCAN parameters, we set  = 1 and minPts = 10. In the baseline method,
patients were placed into 10 clusters. With VisAGE, patients were placed into 18 clusters. For
each cluster c and each symptom or drug b, we computed Fisher’s exact test to determine if c
was significantly enriched in b. We only used symptoms and drugs with binary values to avoid
medical tests for which all patients had non-zero values (e.g., the Epworth Sleepiness Scale23 ).
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Fig. 2: The two-dimensional representations of patient records, plotted with color labels determined by each record’s UPDRS scores. VisAGE’s visualization identifies more clusters for
moderately impaired patients, and more tightly groups severely impaired patients.
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5.3. VisAGE Discovers More Patient Subtypes
We show the two-dimensional plot of patients in Figures 3 and 4, with each color-shape
combination corresponding to a unique cluster generated by DBSCAN. We also show the two
most enriched symptoms for each cluster in the legends. With the baseline, many of the points
in the upper right quadrant of the plot were determined to be noise (black circles). As a result,
no patients can be deemed to be similar to these noise points. On the other hand, VisAGE
was able to properly classify many of these patients into distinct clusters.
We saw that both methods mostly grouped together the patients with the highest UPDRS
scores (Figure 2). The corresponding DBSCAN clusters that overlapped with these highUPDRS patients were most enriched in parkinsonism and Parkinson’s disease, as expected.

Menopausal depression
Hypothyroidism
REM sleep disorder
Enlarged prostate
Parkinsonism
Hypertension
Corrective lens user
Hypertension

Pregnancy
Polycystic ovaries
Hormone replacement therapy
Caesarean section
Parkinsonism
Parkinson's disease
Hypertension
Hypercholesterolaemia

Refraction disorder
House dust allergy
Apathy
Coronary artery disease
Noise points

Fig. 3: The baseline’s two-dimensional representation of patient records, with colors determined by the DBSCAN clustering.
Both methods identified a cluster of patients enriched in parkinsonism and hypertension
(orange circles in the baseline and dark green triangles pointing up in VisAGE). Indeed, hypertension is commonly known to be prevalent in PD patients.24 However, VisAGE identified
four additional clusters that were significantly enriched in PD/parkinsonism and another informative symptom. On the other hand, the baseline method combined these clusters into
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Fig. 4: VisAGE’s two-dimensional representations of patient records, with colors determined
by the DBSCAN clustering.
larger ones, losing information in the process. We interpreted these additional clusters as PD
patient subtypes that required special treatment. We now discuss these four clusters.
(1) Parkinsonism and head injury. The cluster of dark orange circles contained 16 patients, and was enriched in parkinsonism and head injury with p-values of 3.110 × 10−4 and
0.01013, respectively. This is consistent with previous work, as head trauma is one of the
most common candidates for PD causes.25 This cluster was highly enriched in entacapone,
levodopa, and carbidopa with p-values of 1.085 × 10−25 , 9.030 × 10−10 , and 7.099 × 10−5 ,
respectively. While levodopa/carbidopa (LC) is the most common drug prescribed to PD
patients, entacapone is often prescribed as a supplementary drug to improve the efficacy
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of LC.26 As expected, these patients are also labeled as “Severe” in Figure 2, which would
explain the need for this supplement. Furthermore, entacapone has been proposed as a
possible treatment for traumatic brain injury.27 In the baseline, this group of patients was
incorrectly combined with the cluster most enriched in parkinsonism and hypertension.
(2) REM sleep disorders and Parkinson’s disease. The cluster of light orange, downpointing triangles contained 292 patients, and was enriched in rapid eye movement (REM)
sleep behavior disorder, which is most often associated with PD (p-values of 1.477 × 10−5
and 7.246×10−3 , respectively).28 In addition to the standard levodopa prescription (p-value
= 9.787 × 10−23 ), the cluster was also highly enriched in clonazepam (p-value = 0.004377).
Clonazepam administered with levodopa at bedtime has been shown to reduce REM sleep
disorder symptoms.29 In the baseline, the corresponding cluster contained nearly twice as
many patients (458), and was not highly enriched in Parkinson’s disease.
(3) Parkinsonism and bradykinesia. In VisAGE’s visualization, the cluster of light green,
left-pointing triangles contained 159 patients, and was enriched in parkinsonism and
bradykinesia with p-values of 1.526 × 10−8 and 3.974 × 10−8 , respectively. As expected,
bradykinesia is a key symptom of parkinsonism.30 Additionally, this cluster was highly
enriched in ropinirole with a p-value of 1.246 × 10−7 . Ropinirole stimulates mesolimbic
D3 receptors, which alleviates bradykinesia.31 In the baseline, this group of patients was
mixed with patients exhibiting parkinsonism and hypertension.
(4) Parkinsonism and back injury. The cluster of light brown circles contained 17 patients,
and was enriched in parkinsonism and back injury with p-values of 1.320 × 10−5 and
1.092 × 10−4 , respectively. A previous study showed that spinal cord injuries are associated
with increased risk of PD.32 In addition to the standard levodopa/carbidopa prescription,
this cluster was significantly enriched in amantadine (p-value = 6.09 × 10−5 ). Amantadine
is not only an antiparkinsonian agent, but has also been shown to act as a non-competitive
N -Methyl-d-aspartate (NMDA) receptor antagonist.33 NMDA receptor antagonists have
been shown to treat acute spinal cord injuries.34 Like in the cluster that was enriched
in parkinsonism and head injury, this cluster also contained many patients with severe
UPDRS scores. In the baseline, these patients were again mixed with the cluster enriched
in parkinsonism and hypertension.
5.4. Quantitative Evaluation: False Discovery Rate
For each method, we compared the number of clusters highly enriched in drugs and symptoms.
To this end, we excluded drugs and symptoms from both M and M 0 . Additionally, we excluded
these features from VisAGE’s knowledge graph in order to limit data leakage. We then recomputed the enrichments for drugs and symptoms, taking the drug or symptom with the
lowest p-value to represent each cluster. With these p-values, we counted the number of clusters
that were significantly enriched in at least one drug or symptom.
To create a fair comparison, we used the Benjamini-Hochberg procedure35 to control the
false discovery rate at different levels of α (Figure 5). We see that VisAGE identified more
enriched clusters than the baseline at every level of α, which is consistent with our earlier
observation that the baseline method is incapable of distinguishing among patients with less
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severe symptoms. Thus, we conclude that VisAGE also performs better quantitatively.

40

A Comparison of Drug and Symptom Enrichments
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Fig. 5: A plot comparing the baseline and VisAGE. VisAGE dominates the baseline in the
number of clusters enriched with at least one drug or symptom at each level of α.

6. Related Work
A previous study visualized high-dimensional data with a technique called LargeVis. However,
it builds a k-NN network directly from the data, and then reduces the network to two dimensions without using external information.18 Another study built upon LargeVis to visualize
single cells, but still also directly computed embeddings from a k-NN network without utilizing external data.17 Marlin et al. visualized a pattern discovery model’s clustering parameters
in the context of EMR analysis.36 However, they focused on longitudinal data and predicting
mortality outcomes rather than patient subtyping. Gotz et al. performed interactive visualization of EMR data, but worked with time series data to analyze patterns over time.37 The
Dynamic Icons (DICON) system clusters EMRs that are similar to a given patient, visualizing
the clusters. However, it does not utilize molecular interaction networks or genomic data to
compute similarities between EMRs.38 Lastly, Perer et al. developed Care Pathway Explorer
to visualize EMR data to investigate correlations with patient outcomes.39 However, they use
sequential pattern mining, which relies on historical EMR data to extract patterns.
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7. Conclusions and Future Work
In this paper, we presented VisAGE, a method of improving EMR visualization by enriching
EMRs with external knowledge sources. Evaluations on a PD patient dataset showed that
VisAGE can generate visualizations such that similar patients are clustered together more
tightly than in a baseline that does not alter the original database. We also evaluated our
visualization with enrichments of drugs and symptoms, and showed that VisAGE can produce
a higher quantity of fine-grained partitions of PD patients.
One limitation of our work is that the evaluation is done on only one dataset, which is
mainly due to the necessity of expensive patient annotations. In the future, it is important to
further evaluate the proposed enrichment method on more datasets as they become available.
We also plan to build software that can implement our visualization in real application environments. Since VisAGE is a general method, the software would serve as a framework for an
interactive component that can enrich any EMR database. For example, in a clinical setting,
previously treated patients can serve as guidelines for doctors treating new patients. Doctors
can identify these similar, previously treated patients in the two-dimensional space using the
visualization tool and optimize treatment for the current patient.
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