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A B S T R A C T

Patients associated with multiple co-occurring health conditions often face aggravated complications and less
favorable outcomes. Co-occurring conditions are especially prevalent among individuals suffering from kidney
disease, an increasingly widespread condition affecting 13% of the general population in the US. This study aims
to identify and characterize patterns of co-occurring medical conditions in patients employing a probabilistic
framework. Specifically, we apply topic modeling in a non-traditional way to find associations across SNOMED-
CT codes assigned and recorded in the EHRs of> 13,000 patients diagnosed with kidney disease. Unlike most
prior work on topic modeling, we apply the method to codes rather than to natural language. Moreover, we
quantitatively evaluate the topics, assessing their tightness and distinctiveness, and also assess the medical
validity of our results. Our experiments show that each topic is succinctly characterized by a few highly probable
and unique disease codes, indicating that the topics are tight. Furthermore, inter-topic distance between each
pair of topics is typically high, illustrating distinctiveness. Last, most coded conditions grouped together within a
topic, are indeed reported to co-occur in the medical literature. Notably, our results uncover a few indirect
associations among conditions that have hitherto not been reported as correlated in the medical literature.

1. Introduction

Patients associated with multiple co-occurring health conditions
often face aggravated complications and less favorable treatment out-
comes. The Center for Disease Control and Prevention reports that in
the US alone, one in four individuals suffers from multiple health
conditions, while the rate is three times higher among individuals 65 or
older [1]. Co-occurring conditions are especially prevalent among in-
dividuals diagnosed with kidney disease, an increasingly widespread
condition affecting 13% of the general population and 18% of hospi-
talized patients in the US [2]. Kidney disease is associated with a large
number of complications, including cardiovascular disease, metabolic
bone disease and diabetes [3]. Identifying conditions that tend to co-
occur in the context of kidney disease, followed by evidence based in-
terventions, can slow or prevent a patient’s progression to advanced
stages of the condition. In this study, we thus aim to identify co-oc-
currence patterns of medical conditions among individuals who have
kidney disease.

We analyzed, in collaboration with physicians and researchers from
Christiana Care Health System, Electronic Health Records (EHRs)

of> 13,000 patients, gathered over a period of eight years, from pri-
mary care and specialty practices across Delaware associated with
Christiana Care, the largest health-system in Delaware. We included
patients’ records in our dataset, if at any time during follow-up, there
was an indication of a decline in kidney function, determined by a
lower than normal (< 60mL/min/1.73m2), estimated Glomerular fil-
tration rate (GFR), a common marker of kidney function. Each record
includes attributes such as vital signs, demographics and SNOMED
codes for diagnosed conditions, recorded during multiple office visits
and hospital stays.

We focus our analysis on the diagnosed conditions attribute in the
dataset, represented through the healthcare terminology of SNOMED-
CT codes [4]. SNOMED is specifically designed to capture detailed in-
formation during clinical care, enabling clinicians to choose appro-
priate conditions from a predefined fine grained list, and is thus a
structured non-text representation of patients’ diagnoses. Ours is the first
study that utilizes SNOMED codes for identifying patterns of co-oc-
curring conditions. The large number of patients, the wide timespan in
our EHRs and the use of SNOMED codes to represent diagnosed con-
ditions, yield a large scale dataset which supports identifying patterns
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of co-occurring conditions.
Specifically, we adopt a data driven approach to identify many-to-

many associations among a broad group of medical conditions asso-
ciated with patients who have kidney disease. We apply a probabilistic
topic modeling method, Latent Dirichlet Allocation (LDA) to SNOMED
codes [5]. Topic modeling has primarily been used for identifying
thematic structures (topics) in unstructured text data. In contrast, we
apply topic modeling over structured non-text SNOMED codes to au-
tomatically organize diagnoses associated with patients’ EHRs into
groups of correlated coded conditions, where each group represents a
topic, formally defined as a probability distribution over codes. In our
study, a patient file, which includes all coded conditions with which the
patient has been diagnosed, is viewed as a document, and each code is
treated as a word. We hypothesize that a set of coded conditions,
tending to co-occur in patients, also demonstrate a high probability to
be associated with a specific topic. In preliminary studies (not shown),
we employed simpler unsupervised methods such as K-means and co-
sine-similarity-based clustering to identify co-occurrence patterns of
medical conditions, but unlike topic model those have not revealed
meaningful, clinically relevant associations.

Most previous studies, aiming to identify associations among dis-
eases have focused on exposing associations among a few pre-defined
specific conditions [6–13]. For instance, Farran et al. targeted asso-
ciation between diabetes and hypertension [12], while a more recent
work by Chen et al. explored association between colorectal cancer and
obesity [13]. In contrast, ours is the first study aiming to find many-to-
many associations among a broad group of conditions, doing so within
a specific disease context, namely, kidney disease. Our results thus
show highly informative groups of meaningful connections (i.e. in-
formative topics), which manifest themselves within the context of the
disease.

A handful of earlier studies explored association among a broad
group of conditions [14–16] utilizing textual data present in patient
records. In contrast, we utilize non-text SNOMED codes that are de-
signed to unambiguously record diagnosed conditions during clinical
care. Hence, using SNOMED as the basis for the analysis can directly
expose connections among conditions.

Topic modeling has been broadly used for text analysis [5] and
image processing [17] applications. Recently, topic models have also
been applied in the biomedical domain [18–23], mostly applying the
method to text data (e.g., physicians’ notes, biomedical literature). Only
a few studies have applied topic models to non-text data as we do here
[24–27]. Most recently, a study by Chen et al. [27] used topic modeling
for predicting clinical order-sets from inpatient hospitalization records,
with reported performance of 47% precision and 24% recall. In contrast
to our study, which aims to expose patterns of co-occurring medical
conditions while rigorously assessing topic quality, Chen et al. aimed to
predict clinical order-sets using topic modeling as tools without eval-
uating the obtained topics themselves.

The work most related to ours, a study by Li et al. [26], utilizes topic
modeling to cluster patient diagnosis-groups, represented by ICD-9
codes, for identifying comorbidity. Notably, ICD-9 codes are defined at
a coarser granularity level than SNOMED codes and thus capture less
detailed information during clinical care, than SNOMED codes [28].
Moreover, the dataset used in that work was relatively small, com-
prising only 4644 patients. Most importantly, unlike our study, the
study by Li et al. does not ensure that topics indeed capture clinically-
relevant associations; nor evaluates the topics quantitatively.

Preliminary steps of this study were discussed in our earlier ex-
tended abstract [29]. Here we present additional experiments and re-
sults and extended analysis. Specifically, we conduct a thorough
quantitative evaluation of the performance of our model, and an as-
sessment of the medical validity of our results. Moreover, we include
results obtained over an additional dataset consisting of many thou-
sands of hospitalization records, which were not available for the pre-
liminary study.

We assess the performance of our method qualitatively as well as
quantitatively. For qualitative evaluation, we assess the clinical validity
of our results by examining whether the conditions that show high
probability to be associated within a topic are known to co-occur ac-
cording to the medical literature. When applying an unsupervised
method such as topic modeling to data, the uncovered groups (topics)
may not always carry a useful cohesive semantics. Hence, it is im-
portant to quantitatively assess whether the topics are indeed in-
formative. Unlike most other studies on topic modeling, we quantita-
tively evaluate the topics obtained from our model, by assessing their
tightness and distinctiveness.

Tightness signifies that the codes characterizing the topic are highly
correlated with each other and thus capture strong non-arbitrary as-
sociations. Distinctiveness across topics indicates that codes that are
highly probable to be grouped under a specific topic, are unlikely to be
associated with other topics. Furthermore, to verify that the topics are
informative, we measure the entropy of each topic, and show entropy
that is significantly lower than that of the uniform distribution (i.e. high
information contents).

We applied our method to two datasets collected from the patients,
one comprising office visit records and the other hospitalization re-
cords. In both cases, we obtained informative, distinct and tight topics
that align well with known co-occurrences among conditions cited in
the medical literature. We note that similar disease themes emerge in
topics inferred from each of the two sets, but also that the conditions
grouped together under topics obtained from the hospitalization dataset
typically indicate higher severity than those grouped under topics in-
ferred from office visits. The difference is expected, as patients who are
hospitalized often manifest more severe conditions (such as congestive
heart failure and renal failure), than patients who are not.

Our method’s ability to generate meaningful topics from both da-
tasets, where one comprises more common conditions (office visits) and
the other more severe ones (hospitalization cases), demonstrates its
effectiveness in reliably exposing co-occurring conditions. Notably, our
results uncover a few indirect associations among conditions that have
hitherto gone unreported, suggesting that topic modeling over codes
can expose yet unnoticed associations.

2. Material and methods

2.1. Datasets

Our datasets consist of information gathered from office visit re-
cords of 13,111 patients in Delaware, who have shown evidence of
decreased kidney function during these visits, and from the hospitali-
zation records of a subset of 9,530 patients who had at least one hos-
pital visit. The records included in the office visit set and those included
in the hospitalization set do not overlap. Each record contains attributes
such as age, ethnicity, and diagnosed conditions, collected between
August 2007 and July 2015. As noted, we focus solely on the diagnosed
conditions attribute, represented via SNOMED codes.

We extracted the office visit records from the Christiana Care Health
System outpatient EHR (CentricityTM, GE) and the hospitalization re-
cords from the Christiana Care inpatient EHR (PowerChartR, Cerner
Millennium). Patients’ identifiers were removed from records in both
the office visit and hospitalization sets. The records were then trans-
formed and standardized into a common data model, the Observational
Medical Outcomes Partnership (OMOP) [30]. SNOMED is one of the
standardized vocabularies available in the OMOP model. This project
was approved by the Christiana Care IRB with a waiver of consent ac-
cording to 45CFR46.116d.

Table 1 summarizes key characteristics of the office visit and the
hospitalization datasets. As shown in the table, the patients’ age is quite
high; the mean age is 70 (σ =12) for the office-visit set and 67 (σ =14)
for the hospitalization set. The vast majority of patients (94%) are
above 50, 66% above 65, while less than 1% are below 35. Fig. 1 shows
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descriptions of the twenty most frequent codes appearing in each record
set, in decreasing order of occurrence frequency.

To create a data-matrix that can be processed via topic modeling we
make several data organization and preprocessing choices.
Traditionally in topic modeling, a natural language word is the basic
data unit, while the set of unique words is referred to as the vocabulary.
In contrast, in our study, we use coded conditions, represented as
SNOMED codes, rather than words, such that the vocabulary is the set
of unique codes. To determine the number of unique codes included in
our vocabulary, denoted V, we conducted multiple experiments while
varying the vocabulary size, considering all codes occurring in the da-
tasets and reduced code sets accounting for 90% and for 80% of the
cumulative frequency in each dataset. As further discussed in Section 3,
the larger of these vocabularies do not perform as well. We thus focus
here on the vocabulary comprising the set of codes accounting for 80%
of the cumulative frequency. Of the 4,000 codes in the office visit set,
just 180 account for 80% of the cumulative frequency (see Fig. 2). To
avoid sparsity in the data-matrix, we limit our vocabulary to these 180
frequent codes (V=180). Similarly, when working with the hospitali-
zation set, we limit our vocabulary to 250 of the 4,000 codes (V=250),
which accounts again for 80% of the cumulative frequency.

After defining the vocabulary, we preprocess the original patient
files to represent each patient in a bag-of-codes format (analogous to the
bag-of-words representation of documents) for applying topic mod-
eling. Bag-of-codes accounts for the number of times a code appears in a

patient file. Recurring conditions that persistently recur multiple times
in the file (e.g. chronic conditions), and often indicate a higher level of
severity, thus incur a higher weight (counts). In contrast, conditions
occurring only sporadically in the patient’s history (e.g. occasional
cough or headache) receive a lower weight, and as such play a lesser role
in the topic profiles. We also experimented with two additional
common representations, namely, binary (0/1) and tf-idf (term fre-
quency, inverse document frequency), which proved less effective as we
further discuss in Section 3.

Each patient file, Fi (1≤ i≤M), is converted to a vector of codes,
= 〈 … 〉F c c, ,i

i
N
i

1 i , where M denotes the number of patients in the dataset
and Ni is the total number of code occurrences in the ith patient file.
Each code, cj

i, in the vector is one of the V SNOMED codes in our vo-
cabulary, viewed as a value taken by a respective random variable, Cj

(1≤ j≤Ni), denoting the code value occurring in the jth position of the

Table 1
Key characteristics of the office visit and hospitalization datasets. The leftmost
column lists the characteristics; the middle column shows the corresponding
values in the office visit set, while the rightmost column shows the values in the
hospitalization set.

Office visit set Hospitalization set

Number of Patients 13,111 9,528
Age Range (25th –75th Percentile) 60–80 60–80
Mean Age (σ) 70 (12) 67 (14)
% Female 60% 61%
% Male 40% 39%
Avg. Number of Visits per Patient 17 5

Fig. 1. Number of occurrences of the twenty most frequent conditions in the office visit record set (a) and in the hospitalization record set (b). Each bar represents the
number of occurrences of each condition in the respective record set. For clarity, we show the descriptive name associated with each SNOMED code rather than the
code itself.

Fig. 2. Number of occurrences for each of the 4,000 SNOMED codes in the
office visit set. The y-axis shows the number of times each SNOMED code occurs
in the set; the x-axis corresponds to indices representing the 4,000 SNOMED
codes, sorted in decreasing order of number of occurrences.
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ith patient file. We note that any of the V codes in our vocabulary can
appear at any position in a patient file.

We process all patient files, Fi, (1≤ i≤M), to create a data matrix
where each row represents a patient, and each column represents a
SNOMED code included in the vocabulary, such that each cell 〈p, c〉
holds the number of times a patient p was diagnosed with condition c.
Each patient in the record set is thus associated with a V-dimensional
vector, where V denotes the number of unique codes in our vocabulary
and each vector entry corresponds to the occurrence frequency of a
condition within the patient’s file. We refer to each such vector as a
patient-conditions record, and to the collection of all vectors as the pa-
tient-conditions corpus. The latter consists of a 13,111× 180 matrix for
the office visits dataset, and a 9,528× 250 matrix for the hospitaliza-
tion dataset.

Studies analyzing clinical data often take into account age as a
possible confounding factor affecting disease severity and number of
hospitalizations or office visits, and consider stratifying the population
by age. In this study we applied similar consideration, and inspected the
variation in the total number of code occurrences within patient records
as a function of age (data not shown). We have found that the the total
number of times coded-conditions are assigned to each patient do not
vary significantly with age. This finding is not surprising, because as
noted above, the patients in our dataset are predominantly (>94%)
older than 50, and are all (even the younger ones) at moderate-to-se-
vere stages of the disease. As such, physician visits are frequent and
code distributions do not significantly vary by age throughout the po-
pulation; we thus apply topic-modeling to the population as a whole
without any further stratification.

Table 2 shows examples of five patient-conditions records, where
each row corresponds to a patient’s record and each column corre-
sponds to a condition. Due to limited space, only eight conditions are
shown. Each cell lists the number of times a patient has been diagnosed
with the condition.

2.2. Latent Dirichlet Allocation (LDA)

We employ LDA to model patient records as though they were
generated by sampling from a mixture of K underlying topics, where a
topic is a multinomial distribution over all coded conditions in our
vocabulary [5]. The generative process for each patient file consists of
the following steps:

First, a multinomial distribution over V codes for the tth topic, de-
noted Φt (1≤ t≤K), is obtained by sampling from a Dirichlet dis-
tribution with parameter α; Φt represents the conditional probability of
a code to occur in the tth topic. Next, for each patient file, Fi, a multi-
nomial distribution over K topics, denoted θi, is sampled from a
Dirichlet distribution with parameter β; θi represents the conditional
probability of the file to be associated with each of the K topics.
Subsequently, for each code-position, j, in the file, Fi: (1) A topic is

drawn by sampling from θi; the selected topic at position j in Fi, is de-
noted zj

i ∈ {1,…,K}; (2) Given the topic zj
i a code cj

i is drawn by sam-
pling the topic-code distribution, Φzj

i.
The model parameters are learnt iteratively for different values of K,

where K ranges from 5 to 100, and the data log-likelihood is calculated
for each value of K. To determine the optimal number of topics, we
identify the K value that maximizes the data log-likelihood, which is

defined as: ∫∑ ∑ ∏= ={ }log Pr c z Φ Pr z θ Pr θ β dθ[ ( | , ) ( | )] ( | )i
M

z j
N

j
i

j
i

z j
i

i i i1 1
i

j
i ,

(where M denotes the number of patients in the corpus and Ni denotes
the total number of code occurrences in the ith patient file, as defined
earlier. See Hornik et al. [31] for details.)

To learn the model parameters based on our data and obtain the
data log-likelihood, we employ the R topicmodels library [32], which
uses Gibbs sampling. We use the default parameter values, set in the
topicmodels library, for the parameter β (0.1) and for the initial value of
the parameter α (50/M) [31].

2.3. Jensen-Shannon divergence (JSD)

JSD is a symmetric measure of similarity between two probability
distributions [33]. Let

⎯→⎯
= 〈 … 〉X x x, , N1 and

→
= 〈 … 〉Y y y, , N1 represent two

N-dimensional multinomial distributions. The JSD between
⎯→⎯
X and

→
Y is

defined as:
⎯→⎯ →

= ∑ + ∑= =( ) ( )JSD X Y x log y log( || ) ,i
N

i
x
m i

N
i

y
m

1
2 1

1
2 1

i
i

i
i

where

the vector ⎯→⎯ = 〈 … 〉m m m, , N1 represents the mean distribution of
⎯→⎯
X and

→
Y , calculated as: = +m x y( )i i i

1
2 (where ⩽ ⩽x y0 , 1i i and

∑ = ∑ =
= =

x y 1i
N

i i
N

i1 1 ).
The JSD value is 0 for identical distributions, and approaches ln(2)

(∼0.693) as the two distributions become more different from one
another. We use JSD to calculate the inter-topic distance between each
pair of topics, where the distribution dimension N is the number of
coded conditions in our vocabulary. In the work presented here,
N=180 for the office visit dataset and N=250 for the hospitalization
set.

3. Experiments and results

We applied the LDA implementation provided via the R topicmodels
library [32], to the patient-conditions corpus, where each of the re-
sulting topics is a distribution over coded conditions. We experimented
with different number of topics, K, ranging from 5 to 100. To avoid the
use of poor initial estimates as part of the Gibbs sampling process, we
discarded 4,000 samples in the burn-in period – the initial stage of the
sampling process in which the Gibbs samples are poor estimates of the
posterior. We repeated each experiment five times employing different
initial seeds, and calculated an average log-likelihood value. We saved
the initial seeds so that the results can be reproduced.

As mentioned in Section 2.2, to determine the optimal number of

Table 2
Examples of five of the 13,111 patient-conditions office-visits records. The leftmost column shows patient IDs and the topmost row
shows eight of the 180 conditions. Each cell lists the number of times a patient has been diagnosed with the respective condition, during
the eight-year period for which data was gathered.
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topics, we identified the value K that maximizes the data log-likelihood.
Fig. 3 shows plots of the data log-likelihood as a function of the number
of topics (K), for both the office-visit (Fig. 3a) and the hospitalization
(Fig. 3b) sets. As demonstrated in the figure, for both record sets, the
log-likelihood shows almost no change as K ranges between 20 and 30,
while the maximum value log-likelihood is obtained at K=30 for the
office visit set and K=25 for the hospitalization set. As 20 topics are
easier to describe, visualize and evaluate, we report results obtained for
K=20.

Table 3 shows examples of five characteristic topics from the 20
identified by our model from the office visit set. For each of the five
displayed topics, we list the conditions that are assigned a probability
greater than a threshold value – set here to 0.01, along with their re-
spective probabilities. The term distributions associated with the other
15 topics show similar characteristics. The results obtained over the
hospitalization set are similar (Table 4).

After obtaining the topics, we conducted a thorough evaluation of
the performance of our method. First, we surveyed the medical litera-
ture by manually searching the PubMed, Google Scholar,WebMD and the
Mayo Clinic websites [34–47] to verify whether the most probable
conditions within each topic are indeed known to co-occur according to
medical literature. We then conducted a rigorous quantitative evalua-
tion by assessing the resulting topics in terms of tightness and distinc-
tiveness.

To assess tightness we inspected, for each topic, the number of codes
within it that are assigned a probability greater than 0.01 (the threshold
value set here). We refer to each list of coded conditions whose prob-
ability is greater than 0.01 as the top-codes for the topic. As shown in
Table 3, four of the five topics (Topics 1–4) are associated with 10 top-
codes, while the remaining topic (Topic 5) is associated with 13 top-
codes. The cumulative probability mass associated with the top-codes
accounts for over 0.9 of the total probability mass, as shown at the
bottom row of the table. Our results show that for each topic inferred
from the office visits set, only a few codes have a probability above 0.01
(at most 15, out of 180 codes); moreover, the cumulative probability
mass for these 15 codes is above 0.9.

Fig. 4 shows graphs plotting the probability of each of the 180 codes
to be associated with each of four example topics. The x-axis corre-
sponds to the 180 codes, while the y-axis corresponds to the conditional
probabilities of the codes to occur in the respective topic. As shown in
the figure, for each of the four topics, only a few codes (less than 15) are
assigned a non-negligible probability of association with the topic,
further illustrating tightness of the topics. Likewise, for each topic ob-
tained from the hospitalization set, 25 or fewer codes have a probability
higher than the threshold value (0.01), and the cumulative probability
of these 25 codes is higher than 0.9.

We also calculated the entropy of each topic and compared the
values to the entropy of the uniform distribution (i.e., the maximum
possible entropy, log N2 , where N is the number of codes in our voca-
bulary). The entropy for each of the 20 topics obtained from the office
visit set ranges from 1.208 to 3.576; the average entropy value is 2.853
(σ = 0.557), which is much lower than the entropy of the uniform
distribution, ( =log N 7.491,2 where N=180). Similarly, for the hospi-
talization set, the entropy of the 20 topics ranges from 0.849 to 4.907;
the average entropy value is 3.507 (σ= 1.049); again, much lower than
the entropy of the uniform distribution ( =log N 7.9662 , where N=250).

To assess distinctiveness of the topics, we used two approaches. First,
we calculated and compared the corpus-wide versus the topic-specific
number of occurrences of each top-code associated with each topic.
Fig. 5 shows two example plots depicting both the corpus-wide and the
topic-specific abundance of top-codes for topics obtained from the of-
fice visit set (Topics 1 and 4 in Table 3). For each coded condition, the
black bar represents the topic-specific number of occurrences, while the
combined black-and-grey bar represents the corpus-wide number of
occurrences.

We also calculated inter-topic distances between all distinct pairs
within the 20 topics inferred from each record set, using Jensen-
Shannon divergence [33]. The mean value of the JSD obtained from the
office visit set is 0.666 (σ= 0.150), (with median= 0.691 and
minimum= 0.483), while for the hospitalization set, the mean is 0.637
(σ= 0.053), with median and min of 0.649 and 0.423, respectively.

While as noted in Section 2.1 we utilized in the above experiments

Fig. 3. Data log-likelihood as a function of the number of topics, K, for the office visit record set (a) and for the hospitalization record set (b). The x-axes correspond to
the number of topics (K) ranging from 0 to 100; the y-axes correspond to the data log-likelihood values.
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only 180 (or 250) codes accounting for 80% of the cumulative code
frequency in the respective dataset, we have conducted additional ex-
periments varying the vocabulary size. Using a vocabulary comprising
all 4,000 coded-conditions in the dataset led to very sparse data-ma-
trices and to topics that were neither distinct nor tight. We also used
codes accounting for 90% of the respective cumulative frequencies in
each dataset, 590 codes to represent the office visit record set and 616
codes for the hospitalization record set. The topics obtained using these
vocabularies were as informative and clinically meaningful – but not as
tight – as the topics obtained when the vocabulary was smaller and
limited to codes comprising 80% of the cumulative frequency. We thus
only report here the results obtained using the latter smaller vocabu-
lary.

Last, as also mentioned earlier, in addition to employing bag-of-
codes to represent each patient-file, we have experimented using binary
(0/1) and tf-idf representations. The former representation does not
account for code abundance, while the latter penalizes code abundance
if a code occurs in many patient records. While the complete results are
not shown here due to space limits, the topics resulting from the 0/1
representation are not as distinct as the ones obtained using bag-of-
codes, although topics inferred using each of the two representations
capture many similar condition-association patterns. Moreover, since tf-
idf penalizes codes that frequently appear within the corpus, this re-
presentation loses important information, as a persistently recurring
condition (i.e. a code with a high count) is often indicative of a stronger
association with other conditions. Hence, topics formed under the tf-idf
representation do not capture some of the associations between recur-
ring conditions (e.g. hypertension), and other conditons that are man-
ifested in the disease. We have thus focused our report on the bag-of-
codes representation.

4. Discussion

As demonstrated by Tables 3 and 4, the topics obtained from both
the office visit and the hospitalization datasets indeed reveal patterns of
commonly co-occurring conditions. As mentioned in Section 1, while
similar disease themes are found in topics inferred from the hospitali-
zation and from the office visit sets (e.g. Topic 5 in Table 3, and Topics
4 and 5 in Table 4 are all related to Heart disease), disease profiled by
topics emerging from hospitalization records reflect a higher level of
severity than the topics stemming from office visits. This difference in
co-occurrence patterns matches the reality in which hospitalized pa-
tients often show more severe manifestations of the disease than non-
hospitalized patients. Fig. 1 illustrates this point, where the twenty
most frequent codes associated with the hospitalization set denote more
severe conditions than those associated with the office visit set. For
example, congestive heart failure, atrial fibrillation, and acute renal failure
syndrome, are among the most frequent condition codes in the hospi-
talization list (Fig. 1b) but are not among the most frequent codes in the
office visit set (Fig. 1a).

To validate that the condition-association patterns exposed through
topic models are meaningful, we verify that the most probable condi-
tions within each topic have indeed been reported to co-occur in the
medical literature. For instance, many of the conditions grouped to-
gether in the leftmost column of Table 3, (Topic 1), are clearly related to
Diabetes – one of the most frequent causes of decline in kidney function
[34–37]. Likewise, most of the conditions grouped in Topic 2 (see
Table 3) are related to Limb- or Joint-pain, including Chronic Renal-
failure, since Metabolic Bone Disease is a frequent complication of
advanced kidney disease [3,38]. Similar relationships characterize each
of the other topics [34–47].

To further assess the clinical validity of our topics, we selected 10
topics, examining two randomly selected high probability codes from
each. We surveyed the medical literature to verify whether these coded
conditions are known to co-occur [34–47]. Table 5 shows for each pair
of conditions, the PubMed identifier of the paper that establishes theTa
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medical connection between them. Most of the condition pairs are well
known according to the medical literature, supporting the hypothesis
that the model adequately uncovers true associations among coded
conditions.

Notably, a few of the coded condition pairs grouped together in our
topics are not known to be directly associated with each other. For
instance, no direct association is reported between Allergic Rhinitis and
Osteoporosis, two conditions grouped under Topic 4. However, a recent
study has shown that treating Allergic Rhinitis with depot-steroid in-
jections increases the risk of Osteoporosis [39], which supports the high
correlation we find between the two conditions. Similarly, Renal failure
and Bone- and Joint-pain are not reported as associated conditions;
however, Renal failure causes Osteodystrophy, which in turn causes
Bone- and joint-pain [3], explaining the significant association exposed
among the conditions in our results. The identification of two indirect
medical associations, suggests that our approach is likely to expose yet
unnoticed associations among medical conditions when applied to ad-
ditional datasets.

Our quantitative evaluation of the model performance shows that
the obtained topics are indeed tight and distinct. A topic that can be
specified by a small number of coded conditions (tightness), is expected
to capture meaningful and specific associations, since the codes char-
acterizing the topic are highly correlated with each other.

Fig. 4 shows that each plot contains only a small number of peaks
(typically 10), indicating that no more than 10 coded conditions ac-
count for most of the topic's probability mass, demonstrating the
tightness of our resulting topics. Thus, 10 conditions are typically suf-
ficient for characterizing each topic inferred from the office visit record

set, although a few topics are characterized by 11–15 coded conditions
(e.g. Topic 5, rightmost column of Table 3).

The probability plots for the other 16 topics show very similar
trends, and are not shown here due to limited space. Moreover, the
significantly lower entropy of the topic-distributions compared to the
entropy of the uniform distribution (the max-entropy distribution) in-
dicates that the topics obtained by our model bear high information
contents. The information-based assessment is extended as part of the
evaluation of distinctiveness, using the Jensen-Shannon divergence as
discussed below.

Topic distinctiveness is established by showing that many of the
codes appearing in a topic’s top-codes list are predominantly associated
with a specific topic. That is, a top-code corpus-wide abundance is close
in count to its topic-specific abundance for one particular topic. For
instance, Fig. 5 shows that the majority of the top-codes associated with
Topic 1 (eight of ten) and with Topic 4 (six of ten) are all-black, that is,
the topic-specific count is the same as the corpus-wide count for these
codes. We likewise inspected the other 18 topics (not shown here),
observing a similar trend, indicating that the topics capture distict
patterns of co-occurrences. While most codes are typically associated
with a single topic, a few codes, such as benign essential hypertension,
diabetes and vitamin D deficiency, are strongly associated with multiple
topics as these conditions co-occur with several different groups of
conditions.

The large inter-topic distance between each pair of topics, indicated
by high JSD values, further illustrates the distinctiveness of the re-
sulting topics. As discussed earlier, JSD values range from 0 to ln(2)
(∼0.693), where 0 indicates identical distributions, and ln(2) indicates

Fig. 4. The probability distribution of SNOMED codes in four example topics denoted A-D identified by our model when applied to the office visit set. The x-axes
correspond to the 180 codes; the y-axes correspond to the conditional probability of each code to occur in the respective topic.

Fig. 5. Topic-specific and corpus-wide number of occurrences of the top-codes associated with Topics 1 and 4, obtained from the office visit set. Black bars represent
topic-specific number of occurrences for each condition. Combined black-and-grey bars represent the corpus-wide number of occurrences for each condition.
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orthogonal distributions. The higher the divergence value between two
topics, the more distinct they are from one another. The high mean and
median values (close to the upper bound of ln(2)) of the inter-topic
distances we have obtained indicate that almost all our topic are highly
distinct.

The topics obtained from the hospitalization records are also clini-
cally-relevant, tight and distinct. As with the office visit records, we
surveyed the medical literature and found that the coded conditions
grouped together as topics, inferred from the hospitalization dataset,
have been reported to co-occur. Moreover, the observation that only a
few coded conditions (25 or fewer, out of 250) characterize each topic,
indicates tightness, while the high JSD values of the topics indicate
distinctiveness. Furthermore, the low entropy of the topic distributions
(compared to that of a uniform distribution), indicates that the topics
are indeed informative. The ability of our method to generate clinically-
relevant, tight and distinct topics from both datasets, demonstrates its
effectiveness in identifying patterns of co-occurring medical conditions.

5. Conclusion

We have employed topic modeling over disease codes using LDA,
obtaining probabilistic topics that highlight characteristic patterns of
co-occurring medical conditions among patients who have kidney dis-
ease. Our results indicate that most coded conditions grouped together
within a topic, are indeed reported to co-occur in the medical literature.
Our results also uncover several associations among conditions that
were hitherto not reported as co-occurring. We quantitatively evaluated
the performance of our method and have shown that the topics iden-
tified from two different datasets are tight and distinct.

Our approach can also be helpful as a basis for a recommender
system, suggesting to the practitioner, conditions that are likely to co-
occur with a patient’s current diagnoses. Given a diagnosis code, the
topic with which the code is most strongly associated can be identified.
Accordingly, the list of the other codes associated with the topic can be
shown to the physician, as conditions to be checked for. For instance, if
a healthcare provider seeing a patient with decreased kidney function
enters Anemia as a diagnosis, the system will prompt checking for
Goiter, Hypothyroidism and Hypertension, since these conditions are
all strongly associated with the same topic, thus highly likely to co-
occur. Last, as conditions associated with other diseases are coded in a
similar way within EHRs, we expect that our proposed method can be

used to address similar research questions for diseases beyond kidney
dysfunction.

Acknowledgments

This research was partially supported by the NIGMS IDeA grants
U54-GM104941 and P20 GM103446, and by NSF IIS EAGER grant
#1650851. We thank James T. Laughery and Sarahfaye Dolman for
their major role in building the dataset.

References

[1] Centers for Disease Control and Prevention. Multiple Chronic Conditions. https://
www.cdc.gov/chronicdisease/-about/multiple-chronic.htm (accessed 04/03/18).

[2] V. Agrawal, B.G. Jaar, X.Y. Frisby, et al., Access to health care among adults
evaluated for CKD: findings from the Kidney Early Evaluation Program (KEEP), Am.
J. Kidney Dis. 59 (3) (2012) S5–S15.

[3] D.J. Margolis, O. Hofstad, H.I. Feldman, Association between renal failure and foot
ulcer or lower-extremity amputation in patients with diabetes, Diabetes Care. 31 (7)
(2008) 1331–1336.

[4] NIH U.S. National Library of Medicine. SNOMED-CT. https://www.nlm.nih.gov/
healthit/snomedct/. (accessed 04.03.18).

[5] D.M. Blei, A.Y. Ng, M.I. Jordan, Latent Dirichlet allocation, J. Mach. Learn. re-
search. 3 (2003) 993–1022.

[6] J.C. Prather, D.F. Lobach, L.K. Goodwin, J.W. Hales, M.L. Hage, W.E. Hammond,
Medical data mining: knowledge discovery in a clinical data warehouse, in: Proc. of
the AMIA annual fall symposium, 1997, pp. 101–105.

[7] M. Fortin, L. Lapointe, C. Hudon, A. Vanasse, Multimorbidity is common to family
practice: is it commonly researched? Can. Fam. Physician 51 (2) (2005) 244–245.

[8] J. Yang, J.J. Logan, A data mining and survey study on diseases associated with
para esophageal hernia, in: Proc. of the AMIA Annual Symposium Proceedings,
2006, pp. 829–833.

[9] J.Y. Yang, M.Q. Yang, Z. Luo, et al., A hybrid machine learning-based method for
classifying the Cushing's Syndrome with comorbid adrenocortical lesions, BMC
Genomics. 9 (1) (2008) 4–23.

[10] B.E. Himes, Y. Dai, I.S. Kohane, et al., Prediction of chronic obstructive pulmonary
disease (COPD) in asthma patients using electronic medical records, J. Am. Med.
Inform. Assoc. 16 (3) (2009) 371–379.

[11] B. Singh, A. Singh, A. Ahmed, et al., Derivation and validation of automated elec-
tronic search strategies to extract Charlson comorbidities from electronic medical
records, Mayo Clin. Proc. 87 (9) (2012) 817–824.

[12] B. Farran, A.M. Channanath, K. Behbehani, et al., Predictive models to assess risk of
type 2 diabetes, hypertension and comorbidity: machine-learning algorithms and
validation using national health data from Kuwait—a cohort study, BMJ Open 3 (5)
(2013) e002457.

[13] Y. Chen, L. Li, R. Xu, Disease comorbidity network guides the detection of molecular
evidence for the link between colorectal cancer and obesity, in: Proc. of the AMIA
Joint Summits on Translational Science, 2015, pp. 201–209.

[14] H. Cao, M. Markatou, G.B. Melton, et al., Mining a clinical data warehouse to
discover disease-finding associations using co-occurrence statistics, in: Proc. of the
AMIA Annual Symposium, 2005, pp. 106–110.

[15] D.A. Hanauer, D.R. Rhodes, A.M. Chinnaiyan, Exploring clinical associations using
‘-omics’ based enrichment analyses, PloS One 4 (4) (2009) e5203.

[16] F.S. Roque, P.B. Jensen, H. Schmock, et al., Using electronic patient records to
discover disease correlations and stratify patient cohorts, PLoS Comput. Biol. 7 (8)
(2011) e1002141.

[17] Y. Feng, M. Lapata, Topic models for image annotation and text illustration, in:
Proc. of the Annual Conference of the North American Chapter of the Association
for Computational Linguistics (ACL’10), 2010, pp. 831–839.

[18] C.W. Arnold, S.M. El-Saden, A.A. Bui, et al., Clinical case-based retrieval using la-
tent topic analysis, in: Proc. of the AMIA Annual Symposium Proceedings. 2010, pp.
26–30.

[19] L.W. Lehman, M. Saeed, W. Long, et al., Risk stratification of ICU patients using
topic models inferred from unstructured progress notes, in: Proc. of the AMIA
Annual Symposium, 2012, pp. 505–515.

[20] M. Ghassemi, T. Naumann, F. Doshi-Velez, et al., Unfolding physiological state:
mortality modelling in intensive care units, in: Proc. of the 20th ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining, 2014, pp.
75–84.

[21] P. Resnik, W. Armstrong, L. Claudino, et al., Beyond LDA: exploring supervised
topic modeling for depression-related language in Twitter, NAACL HLT, 2015, pp.
99–107.

[22] Y. Wu, M. Liu, W.J. Zheng, et al., Ranking gene-drug relationships in biomedical
literature using latent Dirichlet allocation, in: Proc. of the Pacific Symposium on
Biocomputing, 2012, pp. 422–431.

[23] A. Perotte, R. Ranganath, J.S. Hirsch, et al., Risk prediction for chronic kidney
disease progression using heterogeneous electronic health record data and time
series analysis, J. Am. Med. Inform. Assoc. 22 (4) (2015) 872–880.

[24] A. Van Esbroeck, C.C. Chia, Z. Syed, Heart rate topic models, in: Proc. of the
Twenty-Sixth AAAI Conference on Artificial Intelligence. 2012, 1001, pp.
48109–48119.

[25] J. Wang, P. Liu, M.F. She, et al., Biomedical time series clustering based on non-

Table 5
Medical relevance of associations between condition-pairs grouped in topics
obtained from the office visits set. Column 1 indicates the topic number;
Columns 2 and 3 list two randomly selected conditions that have a high
probability to be associated with the topic; Column 4 provides the PUMED
identifier and the reference number of the paper establishing the medical
conditions as co-occurring.

Topic Condition 1 Condition 2 Supporting literature

1 Proteinuria Type 2 diabetes
mellitus

7050509 [40]

2 Chronic renal failure Arthralgia of the
lower leg

17251386 [38]

3 Atrial fibrillation Congestive heart
failure

20347787 [41]

4 Allergic rhinitis Osteoporosis 24090789 [39]
6 Hyperlipidemia Essential hypertension 1927888 [42]
7 Gastroesophageal reflux Insomnia 20535322 [43]
8 Hypothyroidism Disorder of bone and

articular cartilage
24783033 [44]

9 Coronary arteriosclerosis Disorder of kidney
and/or ureter

24527682 [45]

10 Anemia Gout 22906142 [46]
11 Chronic obstructive lung

disease
Tobacco dependence
syndrome

17040932 [47]

M. Bhattacharya et al. Journal of Biomedical Informatics 82 (2018) 31–40

39

http://refhub.elsevier.com/S1532-0464(18)30072-8/h0010
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0010
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0010
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0015
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0015
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0015
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0025
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0025
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0035
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0035
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0045
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0045
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0045
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0050
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0050
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0050
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0055
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0055
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0055
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0060
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0060
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0060
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0060
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0075
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0075
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0080
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0080
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0080
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0115
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0115
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0115
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0125


negative sparse coding and probabilistic topic model, Comput. Meth. Prog. Biomed.
111 (3) (2013) 629–641.

[26] D.C. Li, T. Thermeau, C. Chute, et al., Discovering associations among diagnosis
groups using topic modeling, in: Proc. of the AMIA Joint Summits on Translational
Science Proceedings, 2014, pp. 43–49.

[27] J.H. Chen, M.K. Goldstein, S.M. Asch, et al., Predicting inpatient clinical order
patterns with probabilistic topic models vs conventional order sets, J. Am. Med.
Inform. Assoc. 24 (3) (2017) 472–480.

[28] S.J. Steindel, A comparison between a SNOMED CT problem list and the ICD-10-
CM/PCS HIPAA code sets, Perspect. Health Inform. Manage. Am. Heal. Inform.
Manage. Assoc. 9 (2012) 1–16.

[29] M. Bhattacharya, C. Jurkovitz, H. Shatkay, Identifying patterns of associated-con-
ditions through topic models of Electronic Medical Records, in: Proc. of the IEEE
Int. Conf. on BIBM, 2016, pp. 466–469.

[30] Observational Health Data Sciences and Informatics (OHDSI). https://www.ohdsi.
org/data-standardization/the-common-data-model/ (accessed 04.03.18).

[31] K. Hornik, B. Grün, Topicmodels: An R package for fitting topic models, J. Stat
Software 40 (13) (2011) 1–30.

[32] R Library: Topic Models, 2016. https://cran.r-project.org/web/packages/topicmo-
dels/index.html (accessed 04.03.18).

[33] J. Lin, Divergence measures based on the Shannon entropy, IEEE Trans. Inf. Theory.
37 (1) (1991) 145–151.

[34] A.J. Collins, B. Kasiske, C. Herzog, et al., United States renal data system 2006
annual data report abstract, Am. J. Kidney Dis. 49 (2007) A6–A7.

[35] Mayo Clinic, High Blood Pressure (Hypertension). https://www.mayoclinic.org/
diseases-conditions/high-blood-pressure/symptoms-causes/syc-20373410 (ac-
cessed 04.03.18).

[36] M. Modan, H. Halkin, S. Almog, et al., Hyperinsulinemia. A link between hy-
pertension obesity and glucose intolerance, J. Clin. Investigat. 75 (3) (1985)

809–817.
[37] T. O'Brien, T.T. Nguyen, B.R. Zimmerman, Hyperlipidemia and diabetes mellitus,

Mayo Clin. Proc. 73 (10) (1998) 969–976.
[38] K.J. Martin, E.A. González, Metabolic bone disease in chronic kidney disease, J. Am.

Soc. Nephrol. 18 (3) (2007) 875–885.
[39] K. Aasbjerg, C. Torp-Pedersen, A. Vaag, et al., Treating allergic rhinitis with depot-

steroid injections increase risk of osteoporosis and diabetes, Respiratory Med. 107
(12) (2013) 1852–1858.

[40] G. Viberti, D. Mackintosh, R.W. Bilous, et al., Proteinuria in diabetes mellitus: role
of spontaneous and experimental variation of glycemia, Kidney Int. 21 (5) (1982)
714–720.

[41] S.A. Lubitz, E.J. Benjamin, P.T. Ellinor, Atrial fibrillation in congestive heart failure,
Heart Fail. Clin. 6 (2) (2010) 187–200.

[42] R.P. Ames, Hyperlipidemia in hypertension: causes and prevention, Am. Heart J.
122 (4) (1991) 1219–1224.

[43] H.K. Jung, R.S. Choung, N.J. Talley, Gastroesophageal reflux disease and sleep
disorders: evidence for a causal link and therapeutic implications, J. Neuro
Gastroenter. Motility 16 (1) (2010) 22–36.

[44] G.R. Williams, Thyroid hormone actions in cartilage and bone, Euro. Thyroid J. 2
(1) (2012) 3–13.

[45] Q. Cai, V.K. Mukku, M. Ahmad, Coronary artery disease in patients with chronic
kidney disease: a clinical update, Curr. Cardiol. Rev. 9 (4) (2013) 331–339.

[46] M.A. McAdams-DeMarco, J.W. Maynard, J. Coresh, et al., Anemia and the onset of
gout in a population-based cohort of adults: Atherosclerosis Risk in Communities
study, Arthritis Res. Therapy 14 (4) (2012) R193–R204.

[47] L. Shahab, M.J. Jarvis, J. Britton, et al., Prevalence, diagnosis and relation to to-
bacco dependence of chronic obstructive pulmonary disease in a nationally re-
presentative population sample, Thorax 61 (12) (2006) 1043–1047.

M. Bhattacharya et al. Journal of Biomedical Informatics 82 (2018) 31–40

40

http://refhub.elsevier.com/S1532-0464(18)30072-8/h0125
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0125
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0135
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0135
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0135
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0140
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0140
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0140
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0155
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0155
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0165
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0165
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0170
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0170
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0180
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0180
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0180
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0185
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0185
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0190
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0190
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0195
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0195
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0195
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0200
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0200
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0200
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0205
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0205
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0210
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0210
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0215
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0215
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0215
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0220
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0220
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0225
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0225
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0230
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0230
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0230
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0235
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0235
http://refhub.elsevier.com/S1532-0464(18)30072-8/h0235

	Co-occurrence of medical conditions: Exposing patterns through probabilistic topic modeling of snomed codes
	Introduction
	Material and methods
	Datasets
	Latent Dirichlet Allocation (LDA)
	Jensen-Shannon divergence (JSD)

	Experiments and results
	Discussion
	Conclusion
	Acknowledgments
	References




