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Abstract— Rare diseases has very low prevalence rate.
Electronic Health Records (EHRs), capture and integrate
longitudinal patient health information, which includes patient demographics, medications, laboratory test results, etc.
Rare disease classiﬁcation with EHR data, which leaves
us two tasks, imbalanced dataset classiﬁcation and data
analytic with EHRs. In this paper, we present a random
under-sampled convolutional neural network (RUS-CNN)
with medical event embedding to solve these two problems.
In order to effectively and precisely extract the medical
events that differentiate positive and negative patients, we
also incorporate variances sorting with RUS-CNN (vRUSCNN). Finally, our proposed approach is validated on a
real world dataset. Experimental output demonstrates our
methods achieve the best results compared to other 3 stateof-the-art baseline techniques.
Keywords: EHRs, imbalanced classiﬁcation, random undersample, deep framework, medical event embedding

1. Introduction
Electronic Health Records (EHRs), capture and integrate
longitudinal patient health information related to all aspects
of care systematically. Included in this information are
patient demographics, medications, laboratory test results,
radiology imaging reports, clinical notes, etc.[1]. The EHRs
have the ability to generate a complete record of a clinical
patient encounter, as well as supporting other care-related
activities, including evidence-based decision support, quality
management, and outcomes reporting [2].
As the major carrier for conducting Data-Driven Healthcare (DDH), which is deﬁned as usage of available medical
big data to provide the best and most personalized care [3],
there has been a remarkable upsurge in adoption of EHRs
over the past several years. In particular, the patient data
contained in EHR systems has been used for medical concept extraction [4], patient trajectory modeling [5], disease
inference [6] [7], etc.
A rare disease, also known as orphan disease, has very
low prevalence rate that affects only a small percentage of
population. The Rare Disease Act 2002 deﬁnes rare disease
to be less than 200,000 patients, or 1 in 1,500 [8]. Due

to this nature, predicting or classifying rare diseases from
an extremely imbalanced dataset is a challenging task. This
problem is called imbalanced learning in data mining ﬁeld
[9].
Imbalanced rare disease classiﬁcation with EHR data,
which leaves us two main tasks to be resolved, imbalanced
datasets classiﬁcation and data analytic with patient EHRs.
A data set is class-imbalanced if one class contains
signiﬁcantly more samples than the other. For many disease
categories, the imbalance rate ranges between 0.01-29.1%
, which is the percent of the data samples that belong to
the active class [21]. In such cases, it is hard to create an
appropriate testing and training data sets, given that most
classiﬁers are built with the assumption that the test data is
drawn from the same distribution as the training data [11].
There are lots of challenges to do data analytic with
patient Electronic Health Records (EHRs), to list a few:
• High Dimension. There are 14,025 different diagnosis
codes and 3,824 procedure codes in terms of International Classiﬁcation of Diseases 9th Version (ICD-9) in
patient EHRs. And, these codes interact with each other
[12].
• Sequentiality. Longitudinal time stamped Patient
EHRs reveal important information over time. The
temporal EHRs may tell patient disease conditions,
especially in chronic diseases development [13].
• Sparsity. One major challenge or working with EHR
is sparsity, as shown in Fig.1 and Table I. For example,
patients will have EHRs recorded only if they paid
visits to clinical facilities. But, the patients are more
likely to visit clinical sites when they are severely sick
and/or need intensive monitoring. Other reasons, such
as recording mistake, patient relocation, etc. lead to data
missing as well [14].
In this paper, we select identifying Hereditary Angioedema (HAE) disease as our empirical application. HAE
is a very rare and potentially life-threatening genetic condition that occurs in about 1 in 10,000 to 1 in 50,000 people
[15], [16], [17]. Because of the low prevalence, physicians
have rarely encountered HAE patients. On top of that, HAE
attacks also resemble other forms of angioedema. These two
facts make HAE hard to diagnose, which may cause late
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Table 1: List of ICD-9 codes and Deﬁnition assigned to a
speciﬁc patient from 1/1/2010 to 7/31/2015
Event No.

ICD-9 code and Deﬁnition

1
2
3
4
5
...
90
91

49390: Asthma NOS
7862: Cough
2512: Hypoglycemia NOS
28959: Spleen disease NEC
7802: Syncope and collapse
...
3004: Dysthymic disorder
4019: Hypertension NOS

classiïňAcation
˛
learning systems are demonstrated to be
inadequate while dealing with the class imbalance problem.
2.1.1 Examples of Application Domains
The signiﬁcant diïňČculty of the imbalance classiﬁcation
problem and its frequent occurrence in practical applications
have attracted a lot of research interest. The following
examples illustrate some cases.
•

•

•

Fig. 1: An illustration of a patient EHRs. The horizontal axis
represents the date, here from 1/1/2010 to 7/31/2015. The
vertical axis corresponds to different diagnosis in terms of
ICD-9 codes. A blue diamond indicates the speciﬁc medical
event is diagnosed for this patient at the corresponding day.

or missed diagnosis, giving rise to incorrect treatment or
unnecessary surgical intervention[18]. Given the low patient
number and high cost of bringing new product into the
market, it is essential for the pharmaceutical companies to
develop budget friendly and efﬁcient marketing approaches.
Our objective in this application is to identify HAE patients
effectively and efﬁciently using patient historical prescription and diagnosis information.

2. Related Work
As mentioned in the previous section, there are two tasks
in this work, imbalanced datasets classiﬁcation and data
analytic with patient EHRs. Until the last few years, there
are quite a few works on both problems.

2.1 Imbalanced Data Classiﬁcation
Research on the imbalance data classiﬁcation problem
is critical in both data mining and machine learning. Two
observations account for this point: (1) the class imbalance
problem is pervasive in a large number of domains of great
importance in data mining community; and (2) traditional

Medical Diagnosis. Data mining techniques applied on
clinical databases, attempt to discover relationships and
patterns among clinical and pathological data to understand the progression and features of certain diseases
[19] . In the clinical databases, disease cases are fairly
rare as compared with the normal populations. The
discovered knowledge can be used for early diagnosis
[20] [21] [22].
Network Intrusion Detection. One of the problems
faced in the development of Network Intrusion Detection Systems (NIDS) is that the datasets used in
the construction of classiﬁers are typically imbalanced.
This is because the classiﬁcation categories do not have
relatively equal representation in the datasets [23] [24].
Modern Manufacturing Plants. For example, an
alarm system is set up when ïňĆaw patterns are detected.The number of available defective cases is signiïňAcantly
˛
fewer than that of ordinary procedures,
e.g.Boeing assembly line [25].

2.1.2 Popular Classiﬁer Algorithms
Among the traditional statistical methods or standard
machine learning algorithms that deal with imbalanced data,
which are biased toward much larger negative classes. There
are several classiﬁer learning techniques dealing with imbalanced data, like oversampling, under-sampling, boosting,
bagging and repeated random sub-sampling [26] [27]. In
this study, we implement Random Under-Sampling (RUS)
to build an artiﬁcial balanced dataset, upon which classiﬁers
will be applied.
Most popular classiïňAcation
˛
learning systems are reported to be inadequate when encountering the class imbalance problem. For instance, decision trees, there is a high
probability that some branches that predict the small classes
are removed and the new leaf node is labeled with a dominant class; the multi-layer perceptron (MLP), the subsequent
rate of decrease of net error for the small class was very
low; support vector machines (SVMs), which simply learn
to classify everything as the prevalent class in order to make
the margin the largest and the error the minimum; Bayesian
network, the samples of the small classes are most likely
misclassiïňAed
˛ while the learned networks are inferred for
classiïňAcation;
˛
the associative classiïňAcation
˛
approaches,
because small classes are unlikely to be found since the
combination of items characterizing the small classes occur
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too seldom to pass certain signiﬁcance tests for detecting
association patterns [28].
Table 2: Statistical Table of the Dataset
Rare Disease Name

HAE

Total no. of Patients
no. of Positive Patients
no. of Unknown Patients
Total no. of unique medical events (Dx + Rx)
Total no. of unique Dx (ICD-9 code)
Total no. of unique Rx (National Drug Code NDC)

247,833
1,233
246,600
58,030
13,582
44,448

Table 3: Performance Metrics
Metric

Deﬁnition

Recall
Precision
True Positive Rate (TPR)
False Positive Rate

TP/(TP+FN)
TP/(TP+FP)
TP/(TP+FN)
(FPR) FP/(FP+TN)

2.2 Analytic with EHRs
EHRs collect diagnosis, medication, lab tests, procedures,
etc. One key aspect to the success of applying EHRs is
extracting effective features, which is usually referred to as
electronic phenotyping in medical informatics [29]. Recently
some computational models have been proposed for EHR
based electronic phenotyping, e.g., a matrix based method
[30] and a tensor based algorithm [31]. Popular application
with EHRs, such as [32] presented risk prediction with
patient EHRs with a multi-linear sparse logistic regression.
[33] proposed personalized treatment recommendation via a
similarity based approach.
Instead of analyzing rich EHR data, based on traditional
machine learning and statistical techniques such as logistic
regression, support vector machines (SVM), and random
forests [34]. Deep learning techniques play important roles in
many domains through deep hierarchical feature construction
and capturing long-range dependencies in EHRs data in an
effective manner[35]. with the increasingly vast amount of
patient data, there has also seen an increase in the number of
publications applying deep learning to EHR data for clinical
informatics tasks [36] [38] [39] [40] which achieved better
performance than traditional methods and require less timeconsuming pre-processing and feature engineering.

3. Data Source and Methodology
3.1 Data Source
As we select Hereditary Angioedema disease as an empirical use case in our work. The EHRs data has been extracted
from IQVIA (formerly Quintiles and IMS Health, Inc.)
longitudinal prescription (Rx) and diagnosis (Dx) medical

claims data. The Rx data is derived from electronic data
collected from pharmacies, payers, software providers and
transactional clearinghouses. This information represents activities that take place during the prescription transaction
and contains information regarding the product, provider,
payer and geography. Additionally, prescription information
can be linked to ofﬁce based claims data to obtain patient
diagnosis information. The Rx data covers up to 88% for
the retail channel, 48% for traditional mail order, and 40%
for specialty mail order. The Dx data is electronic medical
claims from ofﬁce-based individual professionals, ambulatory, and general health care sites per year including patient
level diagnosis and procedure information. The information
represents nearly 65% of all electronically ﬁled medical
claims in the US.
All data is anonymous at the patient level and HIPAA
compliant to protect patient privacy.

3.2 Proposed Approach
We build our model as shown in Fig. 2. Since HAE disease
is difﬁcult to identify, many patients with this condition
donâĂŹt have a positive diagnosis ICD-9 code associate with
them. Our objective was to build a predictive model to ﬁnd
such patients using their past EHRs, including prescription
records and diagnosis histories.
3.2.1 Medical Event Embedding
Extracted EHRs are represeted by temporal matrix. This
approach represents the patient EHRs as temporal matrices
with one dimension corresponding to date and the other
dimension corresponding to medical events. Speciﬁcally,
we model the EHR record as an longitudinal binary event
matrix, where the horizontal dimension corresponds to the
time stamps and vertical dimension corresponds to the event
values. The (i, j)-th entry of an EHR matrix is 1 if the
i-th event is observed at the j-th speciﬁc date for the
corresponding patient.
In order to get the contextual embedding of each medical
event, we concatenate all medical events in each patient’s
EHRs according to the happening date (if events recorded
in the same date, we regardless of the order). Then, we
will obtain a "paragraph" describing the historical records
of him/her. Word2Vec technique is then applied to derive
word representations, which trains a two-layer neural network from a text corpus to map each word into a vector
space encoding the word contextual correlations [41]. The
similarities, cosine distance in our setting, evaluated in
embedded vector space reﬂecting the contextual associations
(e.g., words A and B with high similarity suggests they tend
to appear in the same context).
3.2.2 Variances Sorting for Feature Selection
All the extracted patients EHRs are represented by a
binary matrix with same size. Then, we count the frequency
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Fig. 2: The overall framework of our proposed random under-sampled convolutional neural network (RUS-CNN) with
medical event embedding. (1) Patients EHRs are represented by a binary matrix with same size. (2) Optional variance
sorting technique is used to do feature selection. (3) Convert binary matrix to dense matrix representation, in order to get
paragraph expression for each patient. The "ID" is patient ID, and "Pat" represents patient. (4) Word2Vec is used to convert
medical events into vectors. (5) By summing up vectors to generate embedded temporal matrix as input for CNN. (6)By
applying Random Under-sampling to build an artiﬁcially balanced dataset. (7) Deep leaning approach CNN for disease
classiﬁcation.

of each event for each patient, and calculate variances for
each event, sort the variances from largest to smallest.

obtained by summing all the medical vectors in that visit.
Usually, Tp varies from patient to patient.

3.2.3 Temporal Patient Representation
After the medical event embedding step, We expect that
the medical event’s vector representations learned by Skipgram model [42] of Word2Vec will support clinically meaningful vector additions. Then, we can simply convert all
medical concepts in a patient p EHRs to medical concept
vector representation. By summing all those vectors, we
will obtain a single representation vector for patient’s entire
medical history.
At the same time, we want to keep the temporal information for each vector representation. So, we utilize a temporal
representation: the records of each patient p is represented
as a matrix M with dimension dTp , where d is the ﬁx
embedding dimension and Tp is the total number of visit
patient p has. A single representation vector of one visit is

3.2.4 Deep Architecture: CNN
The basic CNN model architecture as shown in Fig. 2,
where each event matrix of length t is represented X and
X ∈ Rdt . Let xi ∈ Rd be the dimensional event vector
corresponding to the ith event items. In general, let xi:i+j
refer to the concatenation of items xi , xi+1 , Âů, xi+j . A
one-side convolution operation involves a ﬁlter w ∈ Rdh ,
which is applied to a window of h event features to produce
a new feature. For example, a feature fi is generated from
a window of events xi:i+h1 by fi = f (w × xi:i+h1 + b),
where b ∈ R is a bias term and f is a non-linear function
such as rectiﬁcation (ReLU), tangent (Tanh). This ﬁlter is
applied to each possible window of features in the event
matrix x1:h , x2:h+1 , ..., xnh+1:n to produce a feature map
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f = [f1 , f2 , ..., fnh+1 ], where f ∈ Rnh+1 . We then apply
a mean pooling over the feature map and take the average
value fˆ = maxf . The idea is to capture the most important
feature one with the highest value for each feature map. This
pooling scheme naturally can deal with variable time stamp
lengths of the EHR records. The ﬁnal layer is a connected
layer with dense connections and a softmax classiﬁer.

4. Experiment and Evaluation
4.1 Sample selection
Those patients who with HAE diagnosis (ICD-9 CODE
= 277.6), and at least one HAE treatment (prescription or
procedure) during 1/1/2012 to 7/31/2015 are selected as
positive HAE patients. The earliest date of HAE diagnosis or
HAE treatment is marked as patientâĂŹs index date. Then
the lookback period is deﬁned as from earliest diagnosis
or prescription date from 1/1/2010 till the day before index
date. By applying this rule, we have 1,233 HAE patients with
variable lengths of lookback periods in the sample data.
Then, we randomly select 200 times of non-HAE patients
with similar lookback period for each HAE patients. For
example, if an HAE patient has a lookback period from
2/10/2010 to 7/5/2015, then a matched non-HAE patient
will be selected if he/she had clinical activity (any activity
of prescription, procedure or diagnosis) from any day in
February 2010 to any day in July 2015. The lookback period
for this non-HAE patient is counted from earliest clinical
activity date in February 2010 to latest clinical activity date
in July 2015.
Non-HAE patients set starts from an empty set, then 200
matched non-HAE patients for a given HAE patient are
selected to the non-HAE sample. WE repeat this approach
for each 1,233 HAE patient until we get 246,600 distinctive
non-HAE patients.This process has been done in a greedy
manner, and the ﬁnal dataset conﬁgurations are shown in
Table 2.

4.2 Optional Feature Selection
As listed in Table II, there are 58,030 Rx and Dx events
in our dataset. By applying basic statistical learning and
medical knowledge, we ﬁnd certain common medical events,
like "ICD-9 code 786.2: Cough", will not affect the ﬁnal
results. Thus, we apply variances sorting to select signiﬁcant
features. In our experiment, we select top 5%, 2,901 (58,030
* 0.05) events that have the largest variances from both HAE
and non-HAE datasets. Since there are overlapped events,
the size of the subset of events is 4,019. For example, the
top ranking events "2776: Other deﬁciencies of circulating
enzymes", "9951: Angioneurotic edema, not elsewhere classiﬁed", "4770: Allergic rhinitis due to pollen" are highly
related to HAE symptoms.

4.3 Imbalanced Classiﬁcation
In this paper we implement the Random-Under-Sampling
(RUS) (majority) approach to deal with imbalanced data. By
randomly under-sample the majority class, here is non-HAE
patients, and combine them with the minority class, in our
case is HAE patients, we build an artiﬁcial balanced dataset.
Then, different algorithms will be applied to this "balanced"
dataset. We repeat this process for several iterations. The
ﬁnal model is an aggregation of models over all iterations.
Three traditional machine learning algorithms, Logistic
Regression (LR), LASSO and Random Forest (RF) along
with Random-under-sampling are our baseline methods in
this work, to compare with deep learning method CNN.

4.4 Evaluation
Our dataset is highly imbalanced, the ratio between HAE
and non-HAE patients is 1/200, if a classiﬁer simply ignores
the HAE patients and predicts all the patients as non-HAE,
it may obtain an accuracy of 99.5%. So, we use Precision
at various Recall levels for model performance comparisons
in this paper, which is deﬁned in Table 3.
4.4.1 5-Fold Cross Validation
For validation purpose, data is split into 80% for training
and 20% for testing.
Step 1: Separate the 1,233 HAEs to a 80% training HAE
set, denoted as TrP, and a 20% testing HAE set, denoted
as TeP. For the training HAE set, we identify their matched
non-HAE set, denoted as TrN. For the testing HAE set, we
identify their matched non-HAE set, denoted as TeN. There
is no overlap between TrN and TeN.
Step 2: For 5-fold cross validation, we ﬁrst separate the
training data to 5 folds.For each turn, we pick one fold
for validation and other folds for training, and train 200
models since we have 200 matched non-HAE patients. The
200 models are then applied to predict the class label of
each patient in the testing fold based on majority vote, then
overall precision and recall are calculated on the testing fold.
After the above ﬁve turns, the average precision and recall
are returned as the ﬁnal result of the 5-fold cross validation
process.

4.5 Results
With the 80% training data, we perform ﬁve-fold crossvalidation procedure. Summary of the results are listed in
Table 4 and Fig.3.
We further validate the model performances by applying
the models to the 20% testing data. A summary of the testing
results are listed in Table 5 and Fig.4.
From the experimental results, our proposed Random
under-sampled CNN (RUS-CNN) and vRUS-CNN frameworks boost precision at various recall levels compared to 3
traditional machine leaning models, which are also applied
with random under-sampling.
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Table 4:
Metric
Precision (Recall = 5)
Precision (Recall = 10)
Precision (Recall = 15)
Precision (Recall = 20)
Precision (Recall = 25)
Precision (Recall = 30)
Precision (Recall = 35)
Precision (Recall = 40)
Precision (Recall = 45)
Precision (Recall = 50)

MODEL PERFORMANCE (Training Data)
LR
Lasso
RF
RUS-CNN
36.22% 35.01% 30.24%
47.62%
29.49% 26.87% 32.58%
48.78%
22.91% 19.14% 30.97%
49.18%
17.72% 15.66% 24.75%
45.40%
14.85% 13.93% 20.83%
40.91%
13.56% 11.08% 16.27%
35.00%
9.77%
9.81% 13.34%
30.13%
6.78%
7.86%
9.46%
25.82%
6.38%
7.14%
7.03%
20.00%
4.23%
5.75%
5.21%
15.16%

vRUS-CNN
57.42%
55.35%
53.27%
49.75%
44.87%
40.72%
37.43%
33.94%
21.03%
17.51%

Table 5:
Metric
Precision (Recall = 5)
Precision (Recall = 10)
Precision (Recall = 15)
Precision (Recall = 20)
Precision (Recall = 25)
Precision (Recall = 30)
Precision (Recall = 35)
Precision (Recall = 40)
Precision (Recall = 45)
Precision (Recall = 50)

MODEL PERFORMANCE (Testing Data)
LR
Lasso
RF
RUS-CNN
56.77% 62.48% 58.49%
49.95%
47.17% 39.19% 40.26%
49.02%
28.57% 24.16% 39.67%
45.18%
27.09% 22.93% 31.92%
44.25%
22.90% 17.84% 23.57%
41.34%
18.02% 14.66% 21.67%
36.65%
13.52% 12.57% 15.48%
32.70%
10.11% 10.30% 12.34%
26.60%
7.54% 10.03% 10.12%
21.46%
8.70%
7.31%
9.14%
16.97%

vRUS-CNN
62.49%
61.86%
59.24%
54.29%
46.57%
42.77%
38.48%
28.65%
22.37%
20.83%

Fig. 3: Five-fold Cross-Validation PR curve for Training data

Fig. 4: Five-fold Cross-Validation PR curve for Testing data

5. Conclusion

ing, we propose an easy approach to transfer the patient
historical prescription and diagnosis information in EHRs
to embedding representations for deep learning models.
In order to gain better predictive accuracy, our proposed
Random under-sampled CNN (RUS-CNN) and vRUS-CNN
framework work on an empirical rare disease dataset.The
experimental results show that our model achieves significantly better results over the 3 state-of-the-art baselines,
which enables more accurate rare disease discovery.

Rare disease identiﬁcation with EHRs facing two challenging tasks: imbalanced classiﬁcation and applying EHRs.
It is hard to correctly identify true positive rare disease patients out of much larger number of negative patients. In this
paper, we investigate the use of Random Under-Sampling
strategy to solve the imbalanced instances in the dataset and
construct temporal-aware event embedding for deep learning
models. Unlike the traditional machine learning methods that
require time-consuming pre-processing and feature engineer-
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