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Background

• Clinical Decision Support Systems (CDSS) are specialized 

software solutions that ingest data to provide a wide array of 

services for cognitive-intensive complex decision making e.g. 

disease diagnosis and treatment.1,2,3

• CDSS increasingly leverage data-driven approaches for decision 

modeling along with expert-driven approaches for compliance 

with the domain processes.4,5,6

• Hybrid knowledge modeling play an important role in 

generating accurate and domain relevant recommendations for 

complex scenarios such as medication recommendation.4,6,7

CDSS
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Case-based Reasoning in CDSS

Introduction Proposed Idea Conclusion
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• New Case: Receive a test case comprised 
of problem component.

• Case Search: Search all the cases and 
retrieve a pre-defined set of nearest 
cases.

• Proposed Solution: Combine solution 
component of the retrieved cases e.g. 
majority vote or averaging.

• Confirm Solution: Domain expert finally 
accepts the generated solution or update 
the generated solution.

• Knowledge base contains past cases and 
newly retained cases.

Receive Problem case

Reuse

Revise

Retain

New Case Case
Search

Proposed 
Solution

Confirm 
Solution

Output

Case base 
(library)

Retrieve
Solutions

Problem to be solved

Khan, M. J., Hayat, H., & Awan, I. (2019). Hybrid case-base maintenance approach for modeling large scale case-based reasoning 
systems. Human-centric Computing and Information Sciences, 9(1), 1-25.
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Inherently Interpretable
Experience Management
Evolving continuously

Appealing 
Characteristics of CBR

Generated solution
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Motivation

❖ Align consensus-based domain knowledge and experience-based 
routine clinical practice for multi-factor recommendations.

❖ Provide recommendation for complex cases with inherent       
data scarcity issues.

❖ Provide transparency and knowledge-based interpretability for 
the domain expert in recommendation generation.

❖ Reducing cognitive-load on the physician with intuitive and
reliable decision support approach.
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Clinical Practice Guideline Clinical Case
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complement guidelines
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Problem Statement

Clinical Practice Guidelines provide a general framework to guide clinicians but lack operational details i.e.
cover the partial scope of the recommendation. How to incorporate expert-model in case-based reasoning
for domain compliant complex recommendation generation e.g. medication prescription? 8,9,18,19

Design a hybrid knowledge modeling approach for both medication and dosage selection that can
leverage both partial domain knowledge as well as routine clinical practice of clinicians.

Overall Goal 

Challenges

Objectives

1. Leverage partial domain knowledge for active partitioning of clinical case base.

2. Select highly relevant subset of clinical reference cases from a general pool of the candidate cases.

3. Synthesize domain model with selected cases for multi-factor recommendation generation.

1. How to identify distinct neighborhoods within a single clinical case base?
2. How to identify relevant high prospect clinical cases for effective solution selection?
3. How to provide fine-grained solution recommendations from a partial domain model?

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications
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Taxonomy of Decision Modeling Approaches in CDSS

• [10] Artificial Intelligence: A Modern Approach, 4th US ed. by Stuart Russell and Peter Norvig. 2021
• [11] Alazzam, Malik Bader, et al. "Nursing care systematization with case-based reasoning and artificial intelligence." Journal of Healthcare Engineering 2022 (2022).

Decision Modeling

Model-based

Heterogeneous

Decision-level Fusioning

Homogenous

Decision-level Fusioning

Case-based

e.g. Random Forest

Cocktail of different models

Hybrid-Case Based Reasoning 
(domain knowledge + clinical cases)

e.g. SVM, RF, DT

Similar models
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Expert-driven ModelData-driven Model

Domain knowledge 
based modeling

Experience
-based modeling

Retrieval Only
Primitive Case 

Adaptation

Hybrid Modeling

Major Types

Eager modeling
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Related Work

Introduction Proposed Idea Conclusion
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Reference Domain Modeling
Guideline 

Incorporation
Capture 

Clinical Practice
Feedback

Medication 
Selection

Medication 
Dosing

[7] S.L. Ting, 2011
General

treatment
Case-based No Yes No Yes No

[16] Branden, 2011
Lung cancer 

treatment
Case-based No Yes No Yes Yes (single)

[20] Khussainova, 2015
Brain cancer 

treatment
Case-based No Yes No No No

[17] Teodorović, 2013
Thyroid Cancer 

treatment
Case-based No Yes No Yes Yes (single)

[12] Shemeikka, 2015
Kidney patients

treatment
Expert Model Yes No No Yes No

[13] Hellden, 2015
General

treatment
Expert Model Yes No No Yes No

[14] Awdishu, 2016
Kidney patients

treatment
Expert Model Yes No No Yes Manual

[15] Pirnejad, 2019
Kidney patients

treatment
Expert Model Yes No No Yes Manual

[8] Niazkhani, 2020
Kidney patients

treatment
Expert Model Yes No No Yes Manual

Proposed
Kidney patients

treatment

Hybrid: 

Case-based
Yes Yes Yes Yes Yes (multiple)
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Comparison with Case-based Approach

Hybrid Case-based Reasoning (H-CBR)

Summarized Comparison

VS

Characteristics HKSMP H-CBR

Domain Knowledge No Yes

Capture Clinical Practice Yes Yes

Multi-level Selection No Yes

Medication Selection Yes Yes

Medication Dosing No YesS.L. Ting, 2011: Hybrid Knowledge-based approach to Support Medical 
Prescription (HKSMP)
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Comparison with Case Partition and Selection Process

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications

10/50

VSAs-Is To-Be

Assign cases
to partitions

Start

Select 
candidate case

Calculate
distance

Next case?

Select θ cases End

yes

no

Start

Casebase

Acquire
input case

Acquire
domain model

Casebase
label

existing cases

Acquire
input case

Identify partition

Retrieve
candidate cases

Evaluate 
Case feedback

Identify
improved cases

One time processing 
(active case-base 

partitioning)

End

S.L. Ting, 2011: Hybrid Knowledge-based approach to Support Medical Prescription (HKSMP)



Ph.D. Dissertation Spring 2022 Hybrid Knowledge Modeling for Case Selection and Adaptation in CDSS

Comparison with Case Adaptation Process
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VSAs-Is To-BeStart

Get
similar cases

Start

Get 
reference cases

Retrieve generic
recommendation

Generic rec.

Case
Compliance Matrix

Dosage
Range Selection

Medication ?

End

yes

no

Rec. Type ?

Average Majority

Select
Medication

End

Teodorović et al. "Combining case-based reasoning with Bee Colony Optimization for dose planning in 
well differentiated thyroid cancer treatment." Expert Systems with Applications 40.6 (2013): 2147-2155.

NominalNumeric
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Comparison with Expert-model based Approach

Hybrid Case-based Reasoning (H-CBR)

Summarized Comparison

Characteristics DKMS H-CBR

Domain Knowledge Yes Yes

Capture Clinical Practice No Yes

Multi-level Selection No Yes

Medication Selection Yes Yes

Medication Dosing Manual Automated

VS

Niazkhani, 2020: Domain knowledge-based Medication Selection (DKMS)
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Challenges and Solutions

Unspecified utility of 
similar cases 

Partial domain model

Leverage case outcome information from the feedback
for reference solutions selection.

Leverage domain knowledge with reference cases for 
multi-factor recommendation generation

Quantify efficacy
of similar cases

Fine-grained 
Recommendation

Challenges Solutions Benefits

Ch-2

Ch-3

Sol-

2

Sol-

3

Distinct 
neighborhood 
identification

Leverage domain knowledge to actively partition the 
case base in an a priori manner.

Case insufficiency 
detection

Ch-1
Sol-

1
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Research Map

Proposed Solutions

Solution Solution Solution1 2 3

Active Case base Partitioning Case Selection Case Adaptation

Existing Approach

Challenge 1 Challenge 2 Challenge 3

Existing Approach Existing Approach

Clinical Cases

Problem: User define neighborhood 
threshold value results in fixed size 
case base partitions. Appropriate 
neighborhood size selection is based 
on trial and error approach.

Problem: Similar candidate cases are 
selected primarily based on their 
proximity to the test case while 
outcome information is not accounted 
for case selection.

Problem: Domain knowledge is 
generally insufficient for generating 
recommendations for complex tasks 
such as medication dosage selection

Trial and error approach for neigh
borhood size selection

Pick top K nearest cases at the 
inference time (lazy-modeling)

Challenges
C1: Fixed size 
neighborhood

C2: Similar cases 
treated equally

C3: Partial domain 
knowledge

Select all cases within a selected 
neighborhood

Assign weight to case dimensions 
based on domain experts

Recommendation

Outcomes

-- Case uncertainty

-- Similar case may 
be unrelated

-- Generic 
recommendation

Outcomes

+ Variable 

neighborhood size

+ Quantify efficacy   
of similar cases

+ Fine-grained 
recommendation

--

--

--

--

--

--

Domain Model

Primitive dosage estimation for 
a single medicine

Manual dosage selection by 
domain expert (physician) 
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Research At A Glance

Extract Transform 

Load Operation

Case Selection

Case Adaptation

Diverse 
Data Sources

Case insufficiency 
detection

Biographical 
Data

Laboratory 
Results

Medication 
Data

Relevant  cases

Clinical Decision Support Systems

Prediction
& Insights

Utilize domain model (explicit knowledge) 
and clinical cases (implicit knowledge) for 

complex recommendation generation

Data are collected from various sources, 
joined together, and organized

Relevant cases selection

Medication dosage selection

X Y

Expert-based Domain Model
(Explicit knowledge)

decision rules

Clinical Case
(Implicit knowledge)

Treatment Recommendation
• Selection of Medications
• Selection of Medication Dosage
• Similar Cases with Improved Outcome

• Non-linear interaction of 
contributing factors

• Scarcity of relevant data
• Recommendation interpretability

Clinical domain characteristics
CDSS Dashboard

Generic 
recommendation
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Proposed Methodology

Contributions:
• Active Casebase Partitioning
• Case Selection using Patient Improvement Indicator
• Case Adaptation using Hybrid Approach

Hybrid Knowledge Modeling for 
Case-based Reasoning

Dataset

Expert Model

Case Partition Case Selection
Case 

Adaptation
R

Patient
Improvement Indicator

Medication Selection

Clinical Cases

Multi-label Recommendation
(Dosage Selection)

Reference 
Cases

Grouping

Partial-Knowledge
(decision rules)

Ali, Syed Imran, et al. "Clinical Decision Support System Based on Hybrid Knowledge Modeling: A Case Study of Chronic Kidney 
Disease-Mineral and Bone Disorder Treatment." International Journal of Environmental Research and Public Health 19.1 (2021): 226.

Data-driven flow

Expert-driven flow

Candidate 
Cases

16/50
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Expert-based Domain Model

General representation 
of the expert model 

(Mind Map)

Expert-model construction based on 
clinical practice guidelines (domain knowledge)

17/50
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Active Case-base Partitioning

Active Case Partitioning

Cases assigned to 
multiple variable 
size neighborhoods

KBDataset

T1 T2 T3 T4 T5 ••• TN

Expert Model

Sample Decision Rules

Knowledge Base

Patient Clinical Cases
Similar cases are placed 
in same neighborhood

Easily identify a 
neighborhood with 

insufficient number of cases 
prior to test case processing

rule: Reasoning (case)

 

Algorithm 1: Active  Case Partitioning 

Input: Rules 𝐾𝐵, Case Base 𝐶𝐵  

Output: Partition 𝑃 =  {𝑇1 , 𝑇2, 𝑇3, … , 𝑇𝑛}  

𝑩𝒆𝒈𝒊𝒏 

1:  𝒇𝒐𝒓𝒆𝒂𝒄𝒉 𝑐 𝑖𝑛 𝐶𝐵: 

2:         𝑟𝑢𝑙𝑒 = 𝒓𝒆𝒂𝒔𝒐𝒏𝒊𝒏𝒈(𝑐) 

3:         𝑟𝑒𝑐 = 𝑟𝑢𝑙𝑒 1 . 𝑐𝑜𝑑𝑒 

4:         𝑃 𝑟𝑒𝑐 = 𝑐     //𝑎𝑠𝑠𝑖𝑔𝑛 𝑐, 𝑟𝑒𝑐   

5:  𝒇𝒐𝒓𝒆𝒂𝒄𝒉 𝑝𝑡 𝑖𝑛 𝑃:     

6:         𝒊𝒇 𝑝𝑡. 𝑙𝑒𝑛𝑔𝑡ℎ ≤  ∅ 

7:               𝑓𝑙𝑎𝑔(𝑝𝑡) 

8:   𝑟𝑒𝑡𝑢𝑟𝑛 𝑃 

𝑬𝒏𝒅 
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Active Case-base Partitioning based on Domain Model

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications

Expert Model

Active Case Partitioning

Cases assigned to multiple 
variable size neighborhoods

KBDataset

T1 T2 T3 T4 T5 ••• TN

Knowledge Base
(Domain Model)

Patient
Clinical Cases

Similar cases are placed in same neighborhood

Benefit: Easily identify a neighborhood with insufficient 
number of cases prior to test case processing

rule: Reasoning (case)

Expert-model construction based on 
clinical practice guidelines 

(domain knowledge)

KB

Partitioned Case-baseExpert Consultation Decision Tree Decision Rules Active Case Partitioning

Partitioned Case-base

19/50
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Case Selection based on Feedback

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications

Example: Outcome score assignment

𝑃𝐼𝐼 =
σ𝑖

𝑚 𝑋𝑖

𝑚

 

Algorithm 2: Case Selection 

Input: Partitioned Cases C,  

Output: Selected Cases C′ 

𝑩𝒆𝒈𝒊𝒏 

1:  𝒇𝒐𝒓𝒆𝒂𝒄𝒉 𝑐 𝑖𝑛 𝐶: 

2:      𝒊𝒇 𝑐𝑜𝑢𝑡𝑐𝑜𝑚𝑒  ! = 𝑁𝑢𝑙𝑙: 

3:            𝑐𝑜𝑢𝑡𝑐𝑜𝑚𝑒   𝑓𝑒𝑡𝑐ℎ𝑃𝐼𝐼(𝑐) 

4:      𝒆𝒍𝒔𝒆  

5:            𝒇𝒐𝒓𝒆𝒂𝒄𝒉 𝑡 𝑖𝑛 𝑇:     

6:                 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 =  𝑒𝑣𝑎𝑙(𝑐𝑡 , 𝑅𝑒𝑓) 

7:                 𝑟𝑒𝑠𝑢𝑙𝑡+= 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 

8:       𝑐𝑜𝑢𝑡 = 𝑟𝑒𝑠𝑢𝑙𝑡 ⁄ 𝑙𝑒𝑛(𝑟𝑒𝑠𝑢𝑙𝑡) 

9:      𝑐𝑝𝑟𝑒𝑣   𝑓𝑒𝑡𝑐ℎ𝑃𝐼𝐼(𝑐) 

10:    𝒊𝒇  𝑐𝑜𝑢𝑡 ! = 0  && (𝑐𝑜𝑢𝑡 ≥ 𝑐𝑝𝑟𝑒𝑣 )  

11:         𝐶𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 += 𝑐 

12: 𝑟𝑒𝑡𝑢𝑟𝑛 𝐶𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑  

End 
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Case Adaptation

Point estimation through 
Multiple Linear Regression 

R square (R2) equals 0.623822. It 
means that the predictors (Xi) 
explain 62.4% of the variance of Y.

Y = 894.068432 + 6.992550 X1

Reference Cases Medication of Reference Cases

21/50
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Case Adaptation using Hybrid Approach
 

Algorithm 3: Case Adaptation 

Input: Domain Knowledge: DTcode,  

            Selected Case: C′ 

Output: Medication Dosage: R 

𝑩𝒆𝒈𝒊𝒏 

1:  𝑅𝑒𝑐𝑔𝑒𝑛   𝑓𝑒𝑡𝑐ℎ𝑅𝑒𝑐(𝐷𝑇𝑐𝑜𝑑𝑒) 

2:  𝒇𝒐𝒓𝒆𝒂𝒄𝒉 𝑐𝑎𝑡 𝑖𝑛 𝑅𝑒𝑐𝑔𝑒𝑛 : 

3:       𝑎𝑐𝑡𝑖𝑜𝑛𝑐𝑎𝑡   𝑝𝑟𝑜𝑐𝑒𝑠𝑠 (𝑐𝑎𝑡) 

4:       𝒊𝒇 𝑎𝑐𝑡𝑖𝑜𝑛𝑐𝑎𝑡 == 𝐼𝑛𝑖𝑡𝑖𝑎𝑡𝑒 𝑜𝑟 𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒  

5:             𝒇𝒐𝒓𝒆𝒂𝒄𝒉 𝑚 𝑖𝑛 𝐶′: 

6:                      𝑚𝑒𝑑𝑑𝑜𝑠𝑎𝑔𝑒   𝑓𝑒𝑡𝑐ℎ(𝐶𝑚) 

7:                      𝑚𝑒𝑑𝑠𝑖𝑧𝑒 𝑙𝑒𝑛 𝑚𝑒𝑑𝑑𝑜𝑠𝑎𝑔𝑒   

8:                      𝑚 𝑠𝑜𝑟𝑡 𝑚𝑒𝑑𝑑𝑜𝑠𝑎𝑔𝑒   

9:                     𝑚𝑖𝑑𝑖𝑛𝑑𝑒𝑥 𝑚(𝑚, 0, medsize ) 

10:                   𝑅𝑎𝑛𝑔𝑒𝐿 𝑚[𝑚𝑒𝑑𝑖𝑎𝑛(𝑚, 0, 𝑚𝑖𝑑𝑖𝑛𝑑𝑒𝑥 ) 

11:                  𝑅𝑎𝑛𝑔𝑒𝐻 𝑚[𝑚𝑖𝑑𝑖𝑛𝑑𝑒𝑥

+  𝑚𝑒𝑑𝑖𝑎𝑛 𝑚, 0, 𝑚𝑖𝑑𝑖𝑛𝑑𝑒𝑥  ] 

12:                 𝑅. 𝑎𝑝𝑝𝑒𝑛𝑑(𝑅𝑎𝑛𝑔𝑒𝐿 , 𝑅𝑎𝑛𝑔𝑒𝐻) 

13:   𝑅𝑒𝑡𝑢𝑟𝑛 𝑅 

𝑬𝒏𝒅 
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Case Adaptation: Dosage Estimation

23/50
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Compare previous and current medications

Compliance rate 
for each factor

Medication Dosage 
for each factor

Compare previous and current medications 
i.e. 1 or 0, and compute aggregations

Range selection using interquartile range

Domain Model

Selected Generic 
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Multi-factor Recommendation
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Data Flow Diagram



Case Study: CKD-MBD Treatment
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Case Study: CKD-MBD Treatment
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Expert Model (Type-I patients)
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Expert Model (Type-II patients)
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Extended Decision Tree based on Expert Model

Extended Decision Tree
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Generic Recommendation Template

31/50

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications



Ph.D. Dissertation Spring 2022 Hybrid Knowledge Modeling for Case Selection and Adaptation in CDSS

CKD-MBD Treatment Execution Process Flow

Rules

Step 1 Step 2 Step 3
Conduct laboratory tests for 

the kidney patient and acquire 
the results

Provide general medication 
intake recommendation based 

on guidelines

Provide medication dosage 
recommendation based on 
similar reference patients

Patients

Laboratory Tests 
Generic 

Recommendation
Dosage 

Recommendation
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Step 1 : Laboratory Test Administration
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Step 2 : Patient Type Identification
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Step 2 : Generic Recommendation based on Guidelines
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Step 3 : Dosage Recommendation based on Similar Patients
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End-to-end illustration of the Hybrid Case-based Reasoning

Selected Dosage

Selected Medication

Medications
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Similar case

Reference case

General case

Legend
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Experimental Setup

Total Patients: 66
Total Case-base: 850
Patient Type-I: 374
Patient Type-II: 476

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications

Test Cases: 250
Initial Case-base: 600
Patient Type-I: 107
Patient Type-II: 143

Dataset Description

System-centric Experimentation (250 cases)

• Case insufficiency detection
• Compliance between expert model  

and clinical practice
• Concordance between dosage and 

clinical practice 

User-centric Experimentation
• Find out usability experience of 

the CDSS through a pilot study
• Participants: 11 (clinicians)

System and User-centric 
Experimentation

39/50



Ph.D. Dissertation Spring 2022 Hybrid Knowledge Modeling for Case Selection and Adaptation in CDSS

CKDMBD-CDSS Evaluation (System-centric)

Introduction Proposed Idea Conclusion
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Experiment objective: 
To find out case partitions 
having insufficient cases at 
data acquisition stage

Findings:
1. Recommendations T16 and 

T17 mostly deal with 
maintaining the current 
medication prescription

2. Consistent with the clinical 
practice where abrupt 
changes in treatment are 
avoided
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CKDMBD-CDSS Evaluation (System-centric)

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications

Experiment objective: 
To evaluate overall compliance 
between generic recommendation 
and routine clinical practice

Findings:
1. In general most of the 

recommendations have high 
compliance with routine   
clinical practice

2. 77% compliance rate is recorded 
for recommendations factors 
matched 3 and above
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CKDMBD-CDSS Evaluation (System-centric)

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications

Experiment objective: 
To evaluate breakdown of 
compliance rate of 6  
medication classes

Findings:
1. In non-compliant cases 

‘dosage decrease’ slightly 
dominated i.e. the CDSS 
recommended to ‘maintain’ 
while the physician 
decreased the dosage
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CKDMBD-CDSS Evaluation (System-centric)

Confusion Matrix
 

Calcium-based 
Phosphate Binders Predicted 
  Start/Increase Maintain Stop/Decrease 

A
ct

u
al

 Start/Increase 140 66 8 

Maintain 16 488 19 

Stop/Decrease 3 41 69 

 
Non-Calcium-based 
Phosphate Binders Predicted 
  Start/Increase Maintain Stop/Decrease 

A
ct

u
al

 Start/Increase 71 101 19 

Maintain 49 259 52 

Stop/Decrease 9 187 103 

 
Calcium Dialysate 
Concentration Predicted 
  Start/Increase Maintain Stop/Decrease 

A
ct

u
al

 Start/Increase 45 7 0 

Maintain 2 766 0 

Stop/Decrease 0 8 22 
 

 

 
Calcimimatics Predicted 
  Start/Increase Maintain Stop/Decrease 

A
ct

u
al

 Start/Increase 167 132 17 

Maintain 29 334 23 

Stop/Decrease 19 72 57 

 
Calcitriol Predicted 
  Start/Increase Maintain Stop/Decrease 

A
ct

u
al

 Start/Increase 173 31 13 

Maintain 18 448 11 

Stop/Decrease 14 74 68 

 
Vitamin D & Analogs Predicted 
  Start/Increase Maintain Stop/Decrease 

A
ct

u
al

 Start/Increase 154 31 13 

Maintain 18 448 11 

Stop/Decrease 14 74 68 
 

 

Introduction Proposed Idea Conclusion
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CKDMBD-CDSS Evaluation (System-centric)

𝐶𝑜𝑛𝑐𝑜𝑟𝑑𝑎𝑛𝑐𝑒 =
σ𝑖

𝑗
 𝑆𝑦𝑠𝑡𝑒𝑚 ∩ 𝑃ℎ𝑦𝑠𝑖𝑐𝑖𝑎𝑛 

𝑗
𝐄𝐯𝐚𝐥𝐮𝐚𝐭𝐢𝐨𝐧 𝐌𝐞𝐭𝐫𝐢𝐜:

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications

Experiment objective: 
To evaluate concordance between 
dosage recommendation and 
routine clinical practice

Concordance Findings:
1. Cinacalcet = 85.71%
2. Calcitriol (po) = 81.81%
3. Calcitriol (iv) = 66.66%
4. Paricalcitrol (iv) = 82.24%
5. Calcium Carbonate = 76.47%
6. Calcium Acetate = 81.81%
7. Sevelamer = 76.12%
8. Lanthanum = 55%
9. Dialysate Cal. Concent. = 98.40%

Concordance evaluation for the medication dosage recommendation
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CKDMBD-CDSS Evaluation (User-centric)

Enjoyable

Understandable

Creative

Easy to learn

Valuable

Exciting

Interesting

Predictable

Fast

Inventive

Supportive

Good

Easy

Pleasing

Leading edge

Pleasant

Secure

Motivating

Meets expectations

Efficient

Clear

Practical

Organized

Attractive

Friendly

Innovative

-1 0 1 2 3

It
e

m
 C

a
te

g
o

ry

Mean Value

Mean Value per Item

User Experience Evaluation
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Findings

To evaluate user experience in 
executing various tasks related to 
CDSS e.g. recommendation 
generation, treatment insights, etc.

1. Received higher feedback score on 
Stimulation, Dependability, Efficiency

2. Moderately innovative
3. Room for improvement in 

Attractiveness and Perspicuity
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CKDMBD-CDSS Evaluation (User-centric)

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications

Experiment objective: 
User Experience of the CDSS 
with other services

Findings:
1. CDSS provides higher 

dependability due to 
transparency and 
incorporating domain 
knowledge

2. Shows general acceptance 
across participants
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Conclusion

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications

• Domain model based on clinical practice guidelines 
provide general framework to guide clinicians

• Lack of operational details can be complemented by 
clinicians' experience gained through trial and error

• Domain knowledge guided clinical case selection and 
adaptation provide clinician with insights into the 
complex recommendation generation process

• CKD-MBD CDSS based on proposed methodology 
demonstrated both high-level of conformance with 
clinicians’ decision and usability of the system

Contributions:

• Case insufficiency detection through 
active case-base partitioning

• Case selection based on feedback 
information

• Case adaptation based on domain 
knowledge and selected cases
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Publications

─ SCIE Journals (11)

• First Author: 3 Published

• Co-author: 8 Published

─ Local Journals (3)

• Co-Author: 3 Published

─ Conferences (10)

• First Author International: 6

• Co-Author International: 1

• Local Conferences: 3

─ Domestic Patents (2)

• Registered:  1
• Applied: 1

Total Publications 
(26)

First Author Publications
(10)

Published papers
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Related Work Experimentation Publications
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