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T echnological advancements 
in the domain of medical ad­
herence have greatly enhanced 
the related field of health  

coaching, which enables more patient 
-oriented health-status monitoring and 
provides personalized recommenda­
tions.1 As reflected by the plethora of 
literature, e-coaching systems facilitate 
everyday activities, such as physical 
activities,2 medical alerts,3 and social 
concerns. Consequently, the user is pro­
vided with more opportunities to follow 
a healthier lifestyle in different aspects 
of well-being and health care.

Beun et al.4 proposed an automated 
e-coaching system for insomnia ther­
apy. The system uses a variety of per­
suasive strategies to improve the ther­
apy experience for insomnia patients. 
Similarly, a personality coach, named 
Peach,5 analyzes the personality fac­
tors of humans for 10 weeks and rec­
ommends personality-trait changes. 
Additionally, it keeps track of provided 
suggestions on personality improve­
ment. Similarly, WebDietAID is a web-
based interactive system that advises 
users about their nutrition.6 It ana­
lyzes users’ health condition, presents 
guidance regarding nutrition con­
straints, and assesses their behavior 
change. Another interesting e-health 
counselor system, proposed in Schul­
man et al.,7 enhances the user-confi­
dence level using interviews.

However, a key aspect missing from 
these systems is an interactive dia­
logue feature, which can significantly 
improve the effectiveness of them by 
assisting users in real time. Using a 
knowledge base, a smart-dialogue man­
ager is able to integrate question-an­
swering sessions, user requests, and 
natural language with computer vision 
in computational linguistics.8 Current 
e-coaching systems, constrained to 

single-turn settings, lack the conversa­
tional ability of interaction, self-evolv­
able knowledge representations, and 
any notion of context while interacting 
with the user. Similarly, the current 
solutions lack the ability to add accu­
rate incremental knowledge through 
machine learning and the contribu­
tions of human experts. Moreover, the 
existing systems have limited semantic 
interoperability, knowledge represen­
tation, reasoning, and capabilities to 
enable user interaction and to authen­
ticate knowledge evidence.9 

Our proposed system, the Intelli­
gent Medical Platform (IMP), uses the 
strengths of dialogue-based technolo­
gies and health-care information sys­
tems. The proposed innovative incre­
mental learning methodology makes 
use of user interactions to adapt inter­
nal knowledge structures. The knowl­
edge is acquired from diverse sources, 
including both structured data, such 
as electronic medical and health 
records and relational patient data, 
and unstructured data, such as text 
and images. Lastly, domain experts 
verif y and validate the extracted 
knowledge using ripple down rules 
(RDR) methodology.

The key contributions of the IMP 
include the following:

›› an interactive interface to 
support users’ multimodal 
interactions (text, voice,  
and image)

›› incremental knowledge-learn­
ing mechanisms to create and 
maintain evolutionary knowl­
edge bases.

DIRECTIONS OF MEDICAL 
PLATFORM
The rise of personal assistants (such as  
Siri) have educated users about dialogue- 
based interactive environments. Therefore, 

dialogue-based user interaction with 
the system and user-friendliness are 
important aspects of a medical platform 
for enhancing the user-satisfaction 
level. The dialogue system depends 
on the knowledge base. Therefore, 
the system relies on accurate knowl­
edge extracted from diverse data, and 
the medical platform must be equipp­
ed with an intelligent mechanism to 
extract accurate insights and knowl­
edge. A rich approach for knowledge 
maintenance (RDR) and a productive 
s t a n d a r d  m e t h o d  f o r  knowledge 
sharing using a medical logic module 
(MLM) can provide flexibility in knowl­
edge representation and sharing. Evi­
dence can be a confidence-building 
measure because this information pro­
vides support for the actions taken by 
stakeholders in medical platforms. The 
users are usually concerned about the 
authenticity of the generated recom­
mendation. The white-box approach of 
recommendation and online authentic 
evidence can enhance the users’ satis­
faction level. In summary, our proposed 
IMP deals with directions of interactive 
dialoging, knowledge maintenance, 
and evidence support to increase 
users’ confidence.

SYSTEM METHODOLOGY 
AND ARCHITECTURE
The proposed system has five import­
ant aspects:

1.	 knowledge extraction and 
engineering 

2.	 dialogue-based conversation 
3.	 data acquisition
4.	 user-interface adaptability 
5.	 system interoperability. 

In this section, we describe these five 
aspects with the help of system architec­
ture depicted in Figure 1.
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Knowledge extraction 
and engineering
The key features of knowledge extr­
action and engineering include 
knowledge acquisition from mul­
timodal sources and its valida­
tion and verification. Knowledge 
extraction obtains knowledge from 
structured data, textual data, and 
images, while knowledge engineer­
ing enables physicians to verify and 
validate the extracted knowledge 
and create or modify knowledge 
using heuristics. These aspects are 
covered by the knowledge extraction 
module and the knowledge engi­
neering tool (KET) module, respec­
tively, as shown in Figure 1.

The actionable knowledge acqui­
sition component within the knowl­
edge extraction module identifies 
hidden knowledge in structured data. 
This component models the knowl­
edge in RDRs. The primary reason for 
selecting RDRs is the ease of adding 
and evolving knowledge by a phy­
sician with minimum effort using 
incremental learning methodology.

The descriptive knowledge acqui­
sition component within the knowl­
edge extraction module extracts 
knowledge from textual medical 
resources, such as published articles, 
clinical notes, guidelines, and proto­
cols. The main processes used by this 
component are preprocessing, infor­
mation extraction, semantic analy­
sis, and ontology management.

The task of gathering knowledge 
from medical images, such as X-rays, 
magnetic resonance images, and 
computerized tomography scans, 
is the responsibility of the visual 
recognition c om p on e n t within 
the knowledge extraction module. 
This research comprises four major 
features: category classification, FI
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segmentation, local feature extraction, 
and model collation. Category classifica­
tion deals with automatic recognition of 
image and organ types by using the deep 
convolutional neural network model. 
The aim of segmentation is to partition 
the image into a meaningful segments, 
called regions of interest (ROIs), and 
identify a specific ROI for processing.

The KET module transforms the 
plain and RDR rules into shareable and 
interoperable knowledge. The knowl­
edge shareability is realized by the 
Health Level 7 standard knowledge 
representation Arden Syntax MLM. 
The amalgamation of the standard data 
model, Virtual Medical Record (vMR), 
and standard terminology, System­
atized Nomenclature of Medicine—
Clinical Terms, enhances the interop­
erability of the knowledge. The Arden 
Syntax Studio component is designed 
to create shareable and interoperable 
MLMs from the plain rules. The system 
ensures the transformation of plain 
rules to MLMs. The MLM Validator and 
MLM Augmented Maintenance con­
firm completeness, certify precision, 
and resolve duplications/conflicts.

The knowledge base gives rec­
ommendations using the MLM Aug­
mented Case Base reasoner and is 
invoked by the executable environ­
ment component within the KET 
module. The direction of knowledge 
authenticity using high-quality online 
evidence is realized by the knowledge 
button component.10

Dialogue-based conversation
This module facilitates communi­
cation in a dynamic dialogue envi­
ronment by text, voice, and images 
between the patients and the sys­
tem. The conversation aspect of the 
platform is handled by the dialogue 
manager component in the system’s FI

G
U

RE
 2

. A
n 

im
pl

em
en

ta
tio

n 
sc

en
ar

io
 fo

r t
he

 IM
P.

 S
aa

S:
 s

of
tw

ar
e 

as
 a

 s
er

vi
ce

.

IM
P

S
aa

S
 P

ro
vi

de
r

H
os

pi
ta

l A

H
os

pi
ta

l B

H
ea

lth
 L

og

B
ig

 D
at

a 
S

to
ra

ge

K
no

w
le

dg
e 

E
xt

ra
ct

io
n

S
er

vi
ce

 In
te

gr
at

io
n 

M
an

ag
er

In
te

ro
pe

ra
bi

lit
y 

A
da

pt
er

C
on

ce
pt

 M
ap

pi
ng

R
D

R
 R

ul
e 

B
as

e

K
E

T

P
at

ie
nt

s/
D

oc
to

rs

K
no

w
le

dg
e 

B
as

e

Executable Environment

In
fe

re
nc

e 
E

ng
in

e

R
ec

om
m

en
da

tio
n 

T
yp

e
• 

T
re

at
m

en
t

• 
D

ia
gn

os
es

• 
S

ur
ge

ry
• 

F
ol

lo
w

-U
p

Dialog Manager 
M

LM
 T

ra
ns

fo
rm

at
io

n

U
X

 E
va

lu
at

io
n

U
X

 M
ea

su
re

m
en

t
A

da
pt

iv
e 

U
I E

ng
in

eAdaptive UI

T
ra

ck
er

s
P

at
ie

nt
s

A
rd

en
 S

yn
ta

x 
S

tu
di

o
E

xp
er

t V
er

ifi
ca

tio
n

an
d 

V
al

id
at

io
n 

K
no

w
le

dg
e 

C
re

at
io

n 
W

or
kf

lo
w

 

K
no

w
le

dg
e 

E
xt

ra
ct

io
n 

W
or

kf
lo

w

U
I A

da
pt

at
io

n 
W

or
kf

lo
w

Authorized licensed use limited to: Sejong Univ. Downloaded on February 16,2020 at 09:24:08 UTC from IEEE Xplore.  Restrictions apply. 



	 F E B R U A R Y  2 0 2 0 � 39

architecture. The five parts of this 
component are input handler, dia­
logue builder, intent manager, knowl­
edge coordinator, and output handler. 
When the user interacts with the sys­
tem in real time using an interface, the 
input handler recognizes the user’s 
voice and generates a keyword pair. The 
sub-dialogue builder takes this key­
word pair as an input and maps it to an 

ontological model in intent man­
ager for identifying the user’s intent. 
The knowledge coordinator identi­
fies the current context based on the 
extracted keywords and identified 
user’s intent. Depending on the iden­
tified context, the response handler 
will generate a response and forward 
it to the Output Handler. The Output 
Handler gives the desired format to the 

generated response and starts commu­
nicating with the user accordingly.

Data acquisition
The main goal of data acquisition is 
to collect the data from multimodal data 
sources in structured and unstructured 
formats and place the data in nonvola­
tile storage, the Healthlog Repository and 
Hadoop Distributed File System.11 
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with one of our doctors.

FIGURE 3. A dialogue-based e-coaching scenario (patient centric).
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This functionality is handled by the 
data acquisition and persistence mod­
ule in the IMP system’s architecture. 
The multimodal data processing com­
ponent within the data acquisition and 
persistence module handles two types 
of data: 

1.	 observatory data, which 
are semantically enriched 
and stored into the 

Healthlog Repository using its 
flexible representation  
and mapping

2.	 interventional data, which 
are unstructured and consist 
of the different biological and 
physiological sensory data.

These data are stored in the big data 
storage component. The Healthlogs of 
patients are continuously monitored 

to alert patients when some disease 
reaches critical condition.

User-interface adaptability
The UI/UX manager module handles 
the research direction of user interac­
tions with the system and provides user-
friendly features. It deals with user expe­
rience (UX) evaluation during the use of 
the KET interfaces. It adapts a user inter­
face (UI) based on the evaluated UX. The 

FIGURE 4. The resultant partial tree model. FNA: fine needle aspirations; TT: total thyroidectomy; AUS: atypia of undetermined signif-
icance; L: lobectomy; FHC: familial history of cancer; TSH: thyroid-stimulating hormone; ETE: extrathyroid extension; HCN: Hurthle cell 
neoplasm; FN: follicular neoplasm; NA: not applicable; Susp.: suspicious; Malig.: malignancy.
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UX is assessed by measuring and learn­
ing from user behavior and emotional 
response with both implicit and explicit 
ways by incorporating the human 
behavior research. The UX measure­
ment component within the UI/UX 
manager module provides inferencing 
and modeling for UX evaluation. It also 
deals with the adaptive UI based on a 
model-driven approach that aligns with 
a UI according to the context of use. The 
context-of-use triplet consists of a user, 
platform, and environmental aspects 
that can support adaptive UI behavior.

Service integration manager
Tasks involving data interoperability 
and IMP integration with legacy 
health-management information sys­
tems are handled by the service integra­
tion manager module. It works in two 
phases: offline and online. The offline 
phase, automatic mapping authoring, 
defines alignments of legacy systems 
data with the IMP-compatible standard 
format. The online phase, the interoper­
ability adapter, exposes interfaces work­
ing on top of the generated alignments 

for these legacy systems to use the ser­
vices of the IMP. Automatic mapping 
authoring uses SPheRe12 matching sys­
tems for finding the alignments between 
the models and storing them in the map­
ping repository in the form of electronic 
medical record (EMR)–fast healthcare 
interoperability resources (FHIR) map­
pings. The interoperability adapter13 
uses the mappings stored in the mapping 
repository for conversion among legacy 
and IMP-compatible formats.

CASE STUDY
In this section, we describe two service 
scenarios: 

1.	 knowledge acquisition (physi­
cian centric), an offline process 
to create the knowledge base 
for dialoging 

2.	 dialogue-based e-coaching 
(patient centric), an online process 
to provide real-time recommenda­
tion services to the patients. 

We deployed a prototype version 
of the IMP in our collaborative Seoul 

National University Bundang Hospital 
(SNUH) in South Korea. We targeted 
the diagnosis, treatment, and follow-up 
recommendation services for thyroid 
cancer (TC) in SN UH. The detai led 
implementation scenario is depicted 
in Figure 2.

The case study comprises two differ­
ent workflows for knowledge creation 
and knowledge execution. These scenar­
ios reveal the implemented functional­
ities of all system modules. The system 
is integrated with the health-manage­
ment information systems of SNUH 
to retrieve patient data for knowledge 
extraction and execution.

Knowledge-acquisition 
scenario (physician centric)
SNUH provided us with posttreat­
ment data related to TC from 500  
anonymous patients. These data were 
stored in the FHIR-compliant Health­
log repository. Simultaneously, the 
knowledge was extracted from the data 
using decision-tree algorithms [J48, 
Chi-square automatic interaction 
detection (CHAID), and decision tree] by 
the majority-voting, ensemble-learn­
ing technique in the form of knowl­
edge rules. The extracted rules using 
a data-driven approach were verified 
and validated by physicians using the 
KET with incremental-learning meth­
odology. The physicians added new 
rules and updated existing rules using 
heuristics, and 1,238 production rules 
were added to the knowledge base for 
diagnosis and treatment. The system 
transformed the 1,238 production 
rules into 63 corresponding MLMs for 
shareability purposes. UX evaluation 
was also based on the physicians’ inter­
action with the KET during the creation 
and validation process. The interface 
was dynamically updated based on 
the user’s preferences.
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TABLE 1. Personal profile information of the volunteers 
who participated in the evaluation of KET (n = 10).

Attributes Number of users % of users Mean (standard deviation)

Age (years) 38.40 (11.057)

 20–30 3 30

 31–40 3 30

 41–55 4 40

Gender

 Male 7 70

 Female 3 30

Disabilities

 Vision 4 10

 Limb 1 50

 No 5 40

Education

 Graduation 5 50

 Postgraduation 5 50

Experience with tools 
(like KET)

  Yes 4 40

 No 6 60

Experience in domain 
(years)

7.60 (4.37)

 1–5 years 4 40

 5–10 years 3

 11–15 years 3

Upper-limb usage

 Right hand 3 30

 Both 2 20

 Left hand 5 50

Dialogue-based e-coaching 
scenario (patient centric)
The IMP enables patients to interact 
with the system using IMPBot, which 
provides dialogue-based e-coaching 

services in the form of recommen­
d at ion s ,  a le r t s ,  a nd f ol low-ups. 
Figure 3 depicts a TC diagnosis sce­
nario to give a recommendation to 
t he patient.

First, the patient registers with the 
IMP platform to use its services. The 
patient interacts with IMPBot by pro­
viding initial signs and symptoms in 
the form of voice or text, as shown in 
Figure  3. The dialogue manager ana­
lyzes the patient’s response using nat­
ural language processing to find out 
the user’s intention. The knowledge 
coordinator executes the dialogue 
query through actionable knowledge 
to find an appropriate answer/ques­
tion using RDR inferencing on the 
knowledge base. The executed knowl­
edge gives a response in the form of 
a recommendation, alert, answer, or 
even a question. Questions and replies 
in the system have different tem­
plates, which are used to present the 
system’s response.

Based on the patient’s response, 
the system infers other symptoms 
using an incremental inferencing 
mechanism and inquiries from the 
patient. For example, the system 
gives the suggestion “#Trouble swal­
lowing” or asks another question 
like, “Do you have pain in the front 
of the neck, sometimes going up to 
the ears?” Sometimes, the system is 
unable to generate an appropriate 
response due to the lack of knowledge 
in the knowledge base. Then the sys­
tem sends an alert to the physician to 
provide an answer to the query. The 
physician answers the patient’s query 
and also adds new knowledge to the 
knowledge base.

RESULTS
The knowledge extraction methodol­
ogy was evaluated for 500 TC patients 
from SNUH. We selected decision  
tree, J48, and CHAID algorithms by 
using ensemble-learning methodol­
ogy with 10-fold cross-va lidation 
to compare with RDRs. We converted 
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the final tree model into plain rules by 
applying the tree-to-rule algorithm. 
The resultant tree model is shown par­
tially in Figure 4. The machine-learning 
model’s accuracy was 79.79% wit h 
decision tree, 80.56% with J48, and 
82.88% with CHAID, without expert 
intervention, as depicted in Figure 5.

The plain rules are transformed 
into an RDR representation scheme  
by incremental-learning methodol­
ogy with physician involvement. The 
physician involvement is mandatory 
in the RDR validation and verification 
process. By updating existing rules 
and adding new ones, the accuracy 
of RDR methodology increased up to 
90.32%, as shown in Figure 5. A sam­
ple rule is given as follows.

Rule: If ‘Fine Needle Aspirations’ = 
‘Malignant’ and ‘Gender’ = ‘male’ and 
‘Extra Thyroid Extension’ = No and 
‘Lymph Node Metastases’ = No and 
‘Distant Metastasis’ = No and Multi­
focality = No and Radiation = No and 
‘Familial History of Cancer’ = No and 
‘Thyroid Stimulating Hormones’ = Yes 
Then Surgery(Total Thyroidectomy)

We performed a user-based evalu­
ation for adaptive UIs in KET that are 
automatically generated based on the 
evaluation of the UX.

Recruitment criteria 
For evaluation, we recruited 10 par­
ticipants (physicians at SNUH). Each 
of them was a physician of oncology 
and had experience diagnosing and 
treating TC patients. Physicians were 
asked to provide such information as 
age, gender, vision impairment, and 
extent of expertise with authoring 
tools (Table 1).

Evaluation session
The participants were provided with 
initial training in using the KET 

module. They were briefly addressed 
for half an hour regarding the purpose 
of the research and then indicated 
their willingness to be included. 
During the session, we explained 
the hypothesis that the adaptive UI 
improves the overall efficiency and 
user satisfaction with the system. A 
web-based interface was provided to 
each of the participants to use the sys­
tem for writing the selected five rules. 
Each user was asked to use the system 
in a standalone manner and record 
his/her opinion about the system.

Results collection 
To get the system evaluation results, 
two questionnaires were distributed 
to the users: the Questionnaire for 
User Interaction Satisfaction (QUIS)14 

and the User Experience Question­
naire (UEQ). 15 QUIS version 5.0 with 
a five-point Likert scale was devel­
oped for measuring the overall satis­
faction with the system by the users. 
The UEQ assessed the UX along with 
classical usability aspects by mea­
suring the users’ expressed feelings, 
impressions, and attitudes about using 
the system. The latter consisted of 
si x-dimension sca les for eva luat­
ing attractiveness, perspicuity, effi­
ciency, dependability, stimulation, and 
novelty. The scales of the question­
naire were grouped by quality: prag­
matic (perspicuity, efficiency, and 
dependability) and hedonic (stimula­
tion, originality).

Figure 6(a) shows the results of the 
QUIS with the mean value for each 

FIGURE 6. (a) QUIS results for five factors and (b) UX results for six factors. 
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scale. The alpha-coefficient values 
are higher than 0.7 for all of the scales 
except for terminology and system 
information. This may be due to the 
user’s misinterpretation of the termi­
nology and system information.

Figure 6(b) shows that the results 
of all of the scales are quite good, 
including the hedonic and pragmatic 
aspect of the KET. The value of Cron­
bach’s alpha coef ficient of attrac­
tiveness is higher than 0.7, which 
shows that users like the adaptive UI 
generated by the UI/UX manager. The 
value of Cronbach’s alpha coefficient 
for novelty is low, meaning that it 
does not play an important role in the 
adaptive UI.

The service integration manager 
currently considers the EMR format 
compliant with the clinical docu­
ment architecture (CDA) and IMP for­
mat as vMR. The accuracy achieved 
for conversion is 93% from CDA to 
vMR and 95% from vMR to CDA. The 
details about this conversion process 
and the accuracy are given by Nor­
man et al.14 In future, we intend to 
use FHIR as the mediator standard 
for the IMP.

T he next generation of health-
care informatics systems will 
be defined by their ability to 

create, process, evolve, and maintain 
d ia log ue-d r iven k nowledge ba ses. 
The IMP provides a novel solution by  
integrating dialogue-based inter­
active decision support systems 
with knowledge curation activities, 
leading to more concise and effective 
applications in the area of e-coach­
ing. IMP demonstrates the feasibil­
ity of a natural conversational envi­
ronment with a mesh of advanced 
technologies. 
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