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Abstract: Due to the high growth rate in claiming disability benefits, Social Security Admimstration (SSA) faces
a real overload challenge. Disability determination process has turned out to be tune-consuming, complicated
and expensive. By unlocking patient’s details, we can gain valuable information that could lead to improvement
in the quality of healthcare, reducing time and healthcare cost. This study presents an approach to ease the
process of disability determmation. Our approach uses natural language processing and biomedical text mining
to deal with data stored mn patient’s Electronic Healthcare Records (EHRs). Such data may encode significant
information about the patient’s case. The developed system extracts relevant medical entities and builds
relations between symptoms and other clinical signature modifiers. The proposed system uses extracted
mformation as evaluation features. Such features decide whether an applicant should gain disability benefits.
Evaluations show that the proposed system accurately extracts symptoms and other laboratory marks with high
F-measures (93.5-95.6%). The proposed automated system deduces right assessments to approve or reject the
applicants for disability benefits.
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INTRODUCTION

Disability programs aim to provide benefits and
services to a wide range of people and their families.
However, programs such as the United States Social
Security Disability Insurance (SSDI) and Supplemental
Security Income (SSI) are facing a critical challenge.
The rapid growth rate of beneficiaries of disability
programs became one of the major economic challenges
for most countries. According to, the United States Social
Security Admimstration (SSA) 2016 annual report
(https: /Awrww.ssa.gov/oact/tr/ 201 6/4r201 6. pdf), the number
of caseloads addressed by SSDI and SSI has grown
substantially m recent years. At the end of 2015, SSDI and
SSI programs reported that they granted disability
benefits to more than 60 million people.

At the end of 2015, SSDI and SSI programs
reported that they granted disability benefits to more than
60 million people. These beneficiaries were classified
as 43 million workers in retirement with their dependents,
6 million survivors from crises and 11 million handicapped
workers with their dependents. The total expense m
2015 was $897 billion while the total revenue was
$920 billion.

Also, the rapidly increasing caseloads faced by
S3A, coupled with an imbalance in admimstration,
hamper disability determmation and make it expensive
and time-consuming. This results in a delay in the
determination decision and may produce inaccurate
results. With the lack of effective tools, applicant’s cases
wait for too long a time for processing. This results in
1ssues that negatively mmpact the trustworthiness of SSA
programs. Another factor affecting disability programs
consists of the potential policy changes that followed
changes in disability programs over the years. For
example, policy changes due to national economic
conditions Such
constramnts add more limits to the applicants, reduce the
levels of disability benefits and omit other imtiatives taken
by SSA. The previous challenges faced by the SSA
programs will negatively affect its humanitarian
objectives. Further, 1t will reflect in the adjustment of the
SSA services.

Despite great efforts to strengthen the effectiveness
of disability determination, processing time is severely
long which causes an enormous backlog. It 1s shown by
GAQ (2004) and David et al (2015) that there are
inconsistencies in the eligibility criteria in different places.

can result in extra constraints.
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Besides, critical decisions used to be taken without being
supported by evidence (GAO, 2012; Mann et al,
2014).

The real challenge for SSA is to collect accurate data
and use them effectively and efficiently to manage
disability programs. However, with the rapidly changing
work environments and increasing numbers of applicants,
the pragmatic challenge facing SSA disability programs 1s:
why can’t computers do this determination for us? Or,
how to automate the whole disability determination
process?

Disability program’s managing systems need to
evolve to cope with the rapidly changing environment
which calls for a change in the current styles used to
gather data. These changes would be necessary to adapt
to current challenges and to any future changes in SSA’s
eligibility protocol. Therefore, disability programs should
be improved by speeding up the determination process as
well as the ability to select right candidates who deserve
disability benefits and filter out false candidates
(Ramampiare 2009; Mann et al., 2014).

Due to the increasing healthcare costs, the quality of
care services provided to patients hasn’t shown any
considerable improvement. Recently, a lot of research
demonstrated that healthcare technologies can reduce
healthcare costs dramatically. For this reason, healthcare
organizations have adopted the use of Electronic Health
Records (EHRs). Contemporary advances mn information
technology provided simple methods to gather a variety
of healthcare data.

Electronic Health Records (EHRs) the
computerized version of the patient’s medical history.
They consist of huge relevant to patient health care like
demographics, physician’s observations and clinical
laboratory data. EHRs may contain other information that
describes observations about patient’s care viewpoints or
deductions. An important feature of EHRs is that they
provide effective and efficient sharing methods to health
care providers and organizations. These methods enable
organizations to share mformation with one another n real
time. Also, it enables authorized users to access and
manipulate their data effectively. In this context, electronic
health record can streamline and speed up the workflow
by providing direct access to any updates to any records,
in real time (Kemkarl and Dahikar, 2012). EHRs can
support other health care activities such as
evidence-based decision support systems. Storage and
retrieval of medical records becomes more efficient with
the use of EHRs which support and improve the accuracy
of diagnoses and encourage patient participation the
healthcare process which eventually improves the
care condition and generally health outcomes
(DesRoches et al., 2008).

are
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Now a days, the efficiency of Electronic Health
Record (EHR) systems has prompted researchers to
develop Clinical Natural Language Processing (CNLP)
methods. CNLP aims to wunderstand embedded
information in clinical narratives text (Meystre et al.,
2008; Nadkarmi ef al., 2011). Through employing Natural
Language Processing (NLP) and biomedical text mining on
EHRs, it 1s possible to search and extract particular
medical information. NLP provides powerful tools to
process noisy, unstructured text such as medical reports.
It provides an “inner locus of control” for health care
professionals to manage their life.

This study introduces an approach to overcome the
challenges faced by SSA through automating the
disability determination process. The proposed approach
uses biomedical text mimng to extract particular entities
from the EHR text. Such entities (ex, symptoms) and its
associated clinical values will represent the new
applicant’s case. An important feature in this new
representation 1s that every applicant’s case becomes a
set of undoubted marks or patterns. Our system uses
such marks as decision parameters to enable a
decision to accept or reject an applicant’s case. The
presented approach consequently reduces the reviewing
cost and speeds up the whole determination process
which mn tumn aids decision makers to deal effectively with
the burgeoning caseloads.

Literature review: EHR systems can perform a critical role
in the disability management systems from the mitial
determination to the final decision. However, the primary
objectives of EHR systems are limited to merely
supporting treatment-oriented functionalities in healthcare
environments. In this study, a review of research works
that utilized EHRs 18 presented.

Developing quantitative models to iumprove the
precision of medicine for patients is a primary goal. These
models could be used to predict or estimate patient health
status. Hersh et al (2007) stated that Electronic Health
Records (EHRs) provide a great opportunity for speeding
up clinical analytics research. Recent studies have
demonstrated that most of the research works carried
on EHRs focused on recognizing diug names and
some signature information Lke dosage amount
(Hakenberg et al, 2012, Gurulingappa et al, 2013;
Zhao et al., 2014). Other research studies (Xu et af., 2010,
Uzner et al., 2010) extended the scope by including extra
information about the drug. This information such as
route of taking the drug and frequency (number of times
the drug 1s taken per day) was extracted by using a regular
expression-based approach. The previous systems
showed improvements in extracting medical entities from
patient prescription summaries. However, they focused
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only on entities such as diug names and dosage
sentences. The performance of such systems showed a
variation in accuracy.

Some research works like the study done by
Simpson and Demner-Fushman (2012), Ding and Riloff
(2015), Amer and Fouad (2016) focus on extracting
information that is related to identifying symptoms,
chemical compounds, drug dosage and drug effects.
The research done by Ding and Riloff (2013) introduces a
method for building relations between diseases and
symptoms based on the rate of co-occurrence between a
disease and its symptoms 1 text articles. However, such
systems didn’t aim to build any predictive models that
depict relations between symptoms of diseases and drugs
which can be used further.

A recent research done by Gong et al (2016)
provided an approach to model a disease called BerMiner.
The approach finds and extracts biomedical entities that
are related to breast cancer, along with relations between
such entities. The methodology seems promising for
the generation of corpus-related entities that are
related to breast cancer which can be used to classify
articles or texts that are related to breast cancer. However,
BerMiner didn’t aim to extract critical entities that could
be used as parameters in decision making.

A study research was done by Thompson et al.
(2015) which classify EHR data from two adjacent systems
that depict specific periods of cancer care episode
(screeming, diagnosis, treatment) and other post-treatment
supervision characteristics m both the adjacent
organizations. The study was about the ability to
understand how both organizations provide health care
trajectories and services for the patient. Thompson et al.
(2015) assert that linking EHR data from different
healthcare places can enhance information and
knowledge about disease treatment services in a
different organization which may result in favoring one
organization over the other.

The challenges facing use of EHR data are that the
data are unstructured, noisy, heterogeneous and
systematically biased and therefore, hard to represent
(TJensen et al., 2012, Weiskopf et al., 2013, Ozair ef al,
2015). Moreover, the clinical phenotype can be
represented in different ways (Kaufman et dl,
2016). These challenges stand as obstacles for
automatic decision support systems to identify
patterns  that could produce electronic decisions in
real-world applications (Bengio et al., 2013). A successful
predictive or decision support system solely depends on
the feature selection and some data representation
associated with the features (Bengio et al, 2013;
Jordan and Mitchell, 2015). A common approach 1s to
have a domain expert designated to tell wluch patterns
to look for in EHRs and to specify the clinical associative
data that assure selected patterns.
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This study presents a framework to represent patients
(caseloads) using a set of selected weighted features. The
main objective is to introduce a possible solution to the
problem of disability determination by automating the
process of deciding whether a candidate qualifies for the
disability benefits or not.

The problem can be divided inte two steps:
identifying relevant medication entities (e.g., drug names,
diseases, certain abbreviations) and determining the
relation between detected symptoms and other signature
modifiers. For example, in a candidate’s application with
Chromc Kidney Disease (CKD), the following symptoms
can occur: nausea, anemia, vomiting, loss of appetite,
fatigue and weakness such symptoms can be classified as
general ones and can be shared with other diseases. Other
factors like age, family history, ete. could be taken into
consideration, however such factors can also be viewed
as signs without confidence.

In the proposed reserch, clinical lab reports are used
to extract unquestionable data marls that are associated
with relevant signs. Based on those signs, the decision
could be taken automatically without any need for further
investigation. For example, CDK candidate can be
considered disabled when (some or all) previous
symptoms occur associated with some laboratory
impairments like Glomerular Filtration Rate (GFR) value
between 15-29 mlL/min per 1.73 m’ and hemoglobin
<11 g/dL at entry (Thomas et al, 2008). This can be
viewed as a confidence decision factors or disability
criterion which affect the disability selection process for
CDK disability applicant. When a match takes place
between data extracted from the applicant’s case with the
indexed disability criterion, the applicant’s case is
accepted, otherwise, it 13 rejected.

MATERIALS AND METHODS

Extracting the right signs and marks is the main issue
that decision makers depend on while making their
decisions to allow or disallow disability benefits.
Automating the process of selection of the right
candidates who qualify for disability benefits will save a
great amount of time and money.

In this research, three disability diseases namely
chronic liver disease, chronic respiratory disorders and
chronic heart failure are selected as an mitial evaluation
for the proposed system. The selected diseases have
been picked up from the adult section in Social Security
Administration (SSA) Web page https:!//www.ssa.
gov/disability/professionals/bluebook/Adultlistings.
htm.

Initially, all symptoms for each disease are collected,
using specialized medical experts from SSA blue book
(http: /fwww.ssa.gov/disability/professionals/bluebook/).
All extracted symptoms and relations existing for each
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Fig. 1: The proposed system

database. SSA blue book contains disability evaluation
conditions under social security. These conditions are
climcal laboratory assessments, by modeling such
conditions, the proposed system becomes enabled to
make a decision about who can be called disabled and
who cannot.

The proposed technique (Fig. 1) aims to introduce a
methodology to automate the process of decision
making. The technique has three main phases, namely
Preprocessing of the unstructured EHR text, extraction of
found m the processed text and
Identification of the specific entities and their associated
value. Each phase will be discussed in detail.

main entities

Preprocessing of the unstructured EHR text: The
purpose of document preprocessing 1s to organize
input document for further processing. The main objective
of this phase 1s to keep important items (e.g., nouns) and
get rid of trivial, non-important ones (e.g., verbs and stop
words). For this purpose, the document 1s imitially parsed
using GENTA (http:/Awww.nactem.ac.uk/GENTA/tagger/)
part-of-speech tagger. The following example elaborates
the preprocessing of an mput document. Consider the
following sentence: “Cancer 1s a malignant disease”. The
resulting output according to GENIA part of speech
tagger is the following: “Cancer/NN is/VBZ a/DT
malignant/JT disease/NN™.

Where NN tag represents a noun, VBZ tag represents
a verb, DT tag represents a determiner and JJ tag
represents an adjective. Noun tags and adjectives tags are
kept as they represent the high influence core of the
sentence; however, other tags are discarded as they are of
the least sigmificance. GENIA part-of-speech tagger 1s
designed particularly to extract information from
medical text; therefore, it is a powerful tool for
preprocessing medical documents such as EHRs.
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For grammatical reasons, documents usually use
various forms of a word such as play, playing and plays.
Additionally, there are families of derivationally related
words with exact or similar meamng such as democracy,
democratic and democratization. In many cases, it sounds
as if it would be helpful to search for one of these words
and retrieve documents that contain another word in the
set.

Since, words can have various morphological
variants that lead to similar semantic interpretation, words
are stemmed and lemmatized.

The objective of both stemming and lemmatization
is to decrease inflectional forms and occasionally
derivationally related forms of a word to a plain base form.
For example car, cars, car’s and car’s will be stemmed to
word car.

In our experiment, we rely on the most common
algorithm for stemming English that has repeatedly been
shown to be empirically very effective, viz., Porte’s
algorithm (Willett, 2006).

Lemmatization usually refers to performing things
duly with the use of a vocabulary and the morphological
analysis of words, usually mtended to strip inflectional
endings only and to retumn the original or base form of a
word which 13 known as the lemma. In comparison with
stemming if confronted with the word or token “saw”,
stemming might return just s while lemmatization would
check to retumn either word see or saw based whether the
part-of-speech tag of the token was a verb or a noun.

The proposed system relies on the Stanford CoreNLP
(http://stanfordnlp.github.io/CoreNLP/) Natural Language
Processing toolkit to perform lemmatization for
words.

The output of the preprocessing step is a set of
nouns which are the basic entities found in the EHR
document.
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Extraction of main entities found in the processed text:
The aim of this step 1s to identify the main medical entities
that are existing in the EHR document. Entity recognition
or Named Entity Recognition (NER) is aimed at detecting
specific terms which refer to relevant entities. In the
medical domain, entities may refer to genes, proteins,
diseases or drugs.

The critical challenge facing NER in the medical
domain is due to the fact that the same phenomena can be
referred by several forms. For example, terms like
“epilepsy
com/epilepsy)” and “falling sickness” are synonyms that

(http://medical-dictionary.thefreedictionary.

refer to the same disease named “A chronic disorder
characterized by paroxysmal brain dysfunction due to
excessive neuronal discharge™.

To overcome this challenge 1t was obligatory to
rely on a medical dictionary to identify the meaning
of the term. In this resesrch, we used Web dictionary
(http://medical-dictionary thefreedictionary.com) as a
knowledge source to identify extracted entities and their
description. Web dictionary provides accurate definitions
of various terms used in the health sciences like anatomy,
One

of the greatest features of web dictionary is that it

physiology, diseases, drugs, tests and procedures.

includes the named entity and its associated synonyms
which affect the elasticity of the system which mcludes
medical terms that we are going to work with. The output
of this step 1s the set of all named entities that are found
in the EHR document.

Identify specific entities and their associated value:
Extracting named entities found in medical documents is
of great importance; however, in clinical lab reports there
are some entities that are favored over the others and
considered as the main reference when a decision has to
be made about the patient. The objective of identifying
specific, named entities along with their associated values
1s to gather meaningful information from the report. To
deal with this 1ssue, regular expression rules are used to
extract such entities and the closest value associated with
them.

The output of this step 1s a set of marks. The output
marks will be classified against sets of criteria inmitially
given and stored as a disability benchmark database for
given disease(s). In the proposed system, the similarity
between extracted marks and stored benchmarks was
calculated using the cosine similarity function and
defined as:
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Similarity( A, B) = coscos(0) =
AxB > AB

DNEE] ‘jy_lAz\/z“_lgz

(1

where A, B are components of Vector A and B,
respectively.

The marks will align to the most similar disease;
then marks are evaluated against some laboratory
values specifically related to the selected disease.
Based on the eligibility evaluation, the candidate 1s
granted disability benefits; otherwise, the application is
rejected.

RESULTS AND DISCUSSION

In this study, we describe the dataset used m the
experiment as well as the evaluation and discussion of
experiments.

Dataset: Experiments were carried out on 140 different
EHRs related to different diseases for patients of different
ages. The categories of EHRs dataset are grouped by
diseases such as kidney (45 EHR documents)
respiratory (60 EHR documents) and heart failure (35 EHR
documents). Privacy of patients i1s protected and any
declaration about their names or address or any type of
contacts was removed from the report. The patient’s name
was just replaced by a distinctive number to be 1dentified
with during the experiment.

Evaluation: Evaluation of the proposed technique has two
evaluations metrics; the first 13 the system’s ability to
correctly identify terminologies found i the EHR file.
The second evaluation is the accuracy of selecting
whether a candidate deserves disability benefits or
not.

The system’s ability to retrieve terms found m EHR
documents 1s calculated using standard retrieval measures
precision, recall and F-measure metrics which are defined

as:
Precision = i (2)

TP+FP
Recall = P 3)

TP+FN
As:

I

Fmeasure — 2 Precision x Recall (4)

Precision + Recall
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Where:

TP = True Positive represents the number of correct
terminologies identified

FP = False Positive the number of false or incorrect
terminologies retrieved by the system

FN = False Negative represents relevant terminologies
that were not 1dentified or retrieved as correct by
the system

Evaluation in Table 1 showed that the proposed
system can accurately extract symptoms and other
laboratory associated information with high F-measures
(93.5-95.6%).

Figure presented in Table 1 show promising results
for identifying symptoms. However, symptoms are vague
and cannot be used for decision/determination as some
symptoms are commeon to many diseases. For example,
consider the Chronic Obstructive Pulmonary Disease
(COPD) and Congestive Heart Failure (CHF). Both of them
have common symptoms like “short of breath”, “chest

pain”, “coughing”, though both the diseases are
completely different.
The decision process needs strong, precise

arguments which are considered as undoubted evidence
in conjunction with symptoms.

Table 2 showed that based on the disability criteria,
eligibility criteria stored in the proposed system database,
coupled with the candidate input case file (EHR
documents plus clinical lab reports) the proposed
system performed correct assessments for candidates
who qualify for disability benefits and those who do
not.

Decision determination relies on Boolean criteria,
either

assessments,

match or mismatch. However, in real

should be
acceptance to rejection. The proposed model intends
to introduce a possible solution to deal with the

decisions fuzzified from

enormous number of candidate’s applications. Fuzzy
rules will be mserted mstead of Boolean rules to
guarantee the precision in accepting or rejecting a
case.

The disability determination process is extremely
long. A possible solution to the enormous caseloads
and backlogs is to automate the determination
process. In this study, we presented a system that
extracts patient descriptors from text documents like
EHRs. The proposed system captures critical
features that can effectively aid the determination
process which accelerates the whole determination
process. Results obtained showed that the proposed
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Table 1: Ewvaluation results for system performance in identifying terms in

EHR documents
Diseases Precision Recall F-measure
Kidney 0.962 0.910 0.935
Respiratory 0.945 0.925 0.935
heart. 0.951 0.962 0.956

Table 2: Ewvaluation results for system performance in disability eligibility

assessments
Accuracy of  Accuracy
Diseases Values Granted Rejected  selection (%) of rejection (%)
Kidney 45 6 39 100 100
Respiratory 60 12 48 100 100
Heart 35 4 31 100 100

system can accurately extract disease symptoms and
other clinical associated information from EHR documents
with high F-measures.

Our system makes use of external medical knowledge
source to overcome the multi-form challenge facing
medical named entities. The proposed system performs
correct assessments for both candidates: those who
qualify for disability benefits and who don’t. The system
relied on Boolean rules to decide whether the candidate
qualifies for disability grant or not. These rules can be
viewed as facts that can be either true or false. However,
the system can be more effective if it relies on fuzzy rules,
to estimate the degree or ratio of disability and to decide
whether the candidate’s case 1s eligible for partial
disability grants.

CONCLUSION

In this study, a new system has been proposed which
deals with the challenges encountered by the disability
determination process. The rapid growth in the number of
applicants according to Social Security Administration
(SSA) 20l6th annual report, should be coupled with
improvements in selection methodologies that overcome
the current limitation of existing systems which have been
shown to be time-consuming, complicated and expensive.
The proposed system utilizes Patient’s Electronic
Clinical Records (EHRs) by employing natural language
processing
patients. By extracting particular entities from patient
EHRs along with clinical signature modifiers a decision
could be taken automatically without any need for further
investigation. The proposed methodology
disability determination process time from days or months
to a couple of minutes which enhances the efficiency of
the system. Experimental evaluation showed that the
proposed system can accurately extract symptoms
and other laboratory-associated mformation with high
F-measures (93.5-95.6%) which proofed the effectiveness
of the system. According to the causes and symptoms of

to obtain valuable mformation about

reduces
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diseases along with its clinical degrees listed in SSA blue
book (this is can be viewed as SSA eligibility criteria) the
proposed system revealed correct assessments for all
types of candidates.

SUGGESTIONS

In future research, we shall emphasize the use of
fuzzy rules to evaluate whether a candidate has a partial
disability and if so, to what degree and also to make a
recommendation to a candidate to apply for the disability
program after a certain period of time.
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