The following publication L. W. Chan, S. C. Wong and K. W. Chiu, "Ontological features of Electronic Health Records reveal distinct association patterns

This is the Pre-Published Version.

in liver cancer," 2016 IEEE International Conference on Bioinformatics and Biomedicine (BIBM), 2016, pp. 1051-1053 is available at

https://doi.org/10.1109/BIBM.2016.7822667.

Ontological Features of Electronic Health Records
Reveal Distinct Association Patterns in Liver Cancer

Lawrence WC Chan, SC Cesar Wong

Department of Health Technology and Informatics
Hong Kong Polytechnic University
Hong Kong
wing.chi.chan@polyu.edu.hk

Abstract— Electronic Health Record (EHR) system is not only
aimed to provide a digital and structural form of patient records
but also support the clinical decision, patient care and patient
advice. The EHR database is still an under-explored big data
resource that has hosted a large number of cases with complete
recovery, good prognosis, reliable diagnostic tests and effective
treatments. A set of 112 abdominal computed tomography
imaging examination reports, consisting of 59 cases of
hepatocellular carcinoma (HCC) or liver metastases (so called
HCC group for simplicity) and 53 cases with no abnormality
detected (NAD group), was collected from four hospitals in Hong
Kong. We extracted terms related to liver cancer from the
reports and mapped them to ontological features using
Systematized Nomenclature of Medicine (SNOMED) Clinical
Terms (CT). Each feature value was further weighted using a
systematic PubMed search method. Association levels between
every two features in HCC and NAD groups were quantified
using Pearson’s correlation coefficient. The distribution of
association levels in HCC group was compared with that in NAD
group. HCC group reveals a distinct association pattern that
signifies liver cancer and provides clinical decision support for
suspected cases.
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I. INTRODUCTION

Sheer amount of clinical data hosted by the electronic
health record (EHR) system facilitates the exploration of
disease signatures and potentiates the relevant clinical decision
support functions [1,2]. Feature vector model has been
developed for converting the clinical texts and image patterns
of an EHR into an array of numerical values [3-6].

The support of a medical ontology is required to map
textual information, such as image findings in a diagnostic
report, to a feature vector [5,6]. Systematized Nomenclature of
Medicine (SNOMED) Clinical Terms (CT) is an ontological
standard of clinical terms, which are organized as concepts and
linked with “is-a” or inverse “is-a” relationships [7-10]. In such
hierarchical structure, concepts at a particular level could be
chosen as the feature concepts. The semantic distance between
a clinical term in EHR and a feature concept can be quantified
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by counting the edges along the path connecting them in the
“is-a” hierarchy [3-5,11,12]. Aggregating all the semantic
distances to the feature concepts generates an ontological
feature vector that characterizes an EHR with its disease
context. We hypothesize that the feature association patterns
derived from the EHRs can uniquely distinguish a disease
group from the non-disease group. The identified patterns can
be used to develop a clinical decision support function for new
clinical cases.

Il. METHODS

A. Data Collection

We collected retrospectively 112 image reports of
abdominal computed tomography examinations from the
Radiology Departments of four local hospitals in Hong Kong.
HCC or liver metastases were found in 59 cases (called HCC
group for simplicity) and the other 53 cases had no abnormality
detected (NAD group). Before the data collection, third party
clinical personnel has removed the patient name, identity card
number, telephone number and address from the reports and
assigned a randomly generated unique ID to each case. We
have obtained Human Subject Ethics Approval from the Hong
Kong Polytechnic University (HSEARS20140710002).

B. Ontological Feature Extraction

The HCC-related clinical terms were extracted manually
from the image reports according to SNOMED CT curated in
the Unified Medical Language System (UMLS; license code:
NLM-0315126310). UMLS organizes clinical terms in
concepts and SNOMED CT defines the relationship between
concepts using the “is-a” hierarchical tree. The extracted terms
were projected to the feature concepts at a particular level to
ensure consistent comparison between reports. Due to the
optimal classification granularity, level-4 concepts were
considered as feature concepts in this work [12].

For each report, a feature vector, given by [ai, az, ..., am],
was generated using edge counting approach and the vector
element a; is given by the following formula.

= ®

a; = -
1+ min Sij
j=1..n
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where pj is the conditional probability of the it feature concept
given the occurrence of liver cancer and s;; represents the edge
count between the i feature concept and the j™ clinical term
extracted from a report. With the value between 0 and 1, a;
indicates the relevance between the i feature concept and a
clinical term in a report. Such relevance can be modulated by
the conditional probability, pi, which is estimated by the
specific term weighting approach [13].

C. Ontological Association Patterns

The association level between two feature concepts was
denoted by Caq(i, j) for the HCC group, and Ca(i, j) for the NAD
group, as given by the following formulas.

Cd @, r(xdi'xdj)l 2

C. (1, ) = (X, Xyy) | 3)
where xqi and Xq; represent the numerical array weighting the
i" and j* feature concepts across the HCC group; Xni and Xy
represent the numerical array weighting the i"" and j feature
concepts across the NAD group; r(xi,X;) is Pearson correlation
coefficient between two arrays. Two sets of correlation
coefficients, Cq and Cy, in the HCC and NAD groups formed
two cumulative distributions, Fq and Fn, which were compared
using two-sample Kolmogorov-Smirnov (KS). To test the
significance of difference, the maximum deviation between
two cumulative distributions, D value, was compared with its
critical value, Do, which is derived based on our developed
method [14] and given by following equations. A correlation
threshold, at which Fq and F, were extremely deviated can be
identified and used to characterize the perturbed ontological
association pattern.

D=max|F, (C)-F, (C)| 4)
F, (C) =Prob (C, <C) (5)
F, (C)="Prob (C, <C) (6)

Do =v(@ [ras @)

where o is the significance level, i.e. 0.05, y(0.05)=3.1 and
k=30 in this study. The critical value of D is 0.2102.

I1l. RESULTS

A. Extracted Features

From 59 and 53 image reports of respective HCC and NAD
groups, 38 clinical terms were extracted and mapped to 38
unique concepts in UMLS. These terms were then projected to
30 feature concepts at level-4 of SNOMED CT “is-a” hierarchy
(Table 1). After counting the edges and estimating the
conditional probabilities of these concepts, their weightings
were calculated and formed 30x59 and 30x53 matrices for
HCC and NAD groups.

B. Ontological Association Patterns

The association level between every two feature concepts
was calculated. We generated 435 association levels for each of
HCC and NAD groups. Figure 1 shows the cumulative
distributions of association levels for the two groups and their
difference. The maximum deviation, D = 0.333, was found at

C=0.03 and greater than its critical value. Therefore, the two
ontological association patterns are significantly different.

TABLE I. FEATURE CONCEPTS

Abdominal organ finding Growth alteration

Imaging result abnormal

Blood vessel finding (Imaging Procedure)

Disorder of body cavity Mechanical abnormality

Disorder of body system Finding of biliary tract

Disorder of cardiovascular system Hemorrhage into peritoneal cavity

Disorder of digestive system Disorder of connective tissue

Disorder of soft tissue Degenerative abnormality

Traumatic and/or non-traumatic

Disorder of trunk - - .
injury of anatomical site

Abnormal radiologic density,
diffuse
Imaging result abnormal
(Evaluation Procedure)
Abnormal radiologic density,
irregular
Abnormal radiologic density,
nodular
Abnormal radiologic density, small
area

Multiple lesions

Finding of trunk structure

Liver finding

Radiologic finding

Cyst of abdomen

Mass of body region

Mass of digestive structure

Neoplastic disease Finding of number of lesions
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Fig. 1. Two distinct ontological association patterns. Cumulative
distributions of ontological association levels across NAD and HCC groups
are indicated by dash-dotted and dash lines respectively. Solid line represents
the difference between these two cumulative distributions.

IVV. DISCUSSION

This study illustrated an approach for characterizing textual
image reports by numerical values that weight the alignment of
report contents with the ontological standard. The mapped
feature concepts exhibited distinct association patterns, which
are significantly different between HCC and NAD groups. The
concept pairs connected in the association patterns can be
considered as a signature of liver cancer. For suspected cases,
this signature can be used to assist the clinical decision when
associations of those pairs are observed. It is worth noting that
the discovered signature should be validated with independent
data before its clinical applications.



An alternative application of the identified association
patterns is the detection of inaccurate medical coding. When a
disease is diagnosed, the “co-activated” feature concepts can be
obtained and checked against the pairs in the disease-specific
patterns. Potential inaccurate coding can be detected and the
clinicians will be alerted. On a public health level, systematic
failure in appropriate medical coding may result in over and
under or over adjustment to case-mix measurements when
assessing quality of care [15]. In some healthcare models, this
will also affect billing, reimbursement and insurance claims
[16].
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