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Background

Å 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

Å CDSSincreasingly leverage data-driven approaches for decision 

modeling along with expert-driven approaches for compliance 

with the domain processes.4,5,6

Å 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

Related Work Experimentation Publications
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Å New Case: Receive a test case comprised 
of problem component.

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

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

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

Å 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.

1

2

3

4

5

5

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.

× Providetransparencyandknowledge-based interpretability for 
the domain expert in recommendation generation.

× Reducing cognitive-load on the physician with intuitive and
reliabledecision support approach.

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications
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Clinical Practice Guideline Clinical Case
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complement guidelines
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Problem Statement

ClinicalPracticeGuidelinesprovidea generalframework to guidecliniciansbut lackoperational details i.e.
coverthe partial scopeof the recommendation. How to incorporateexpert-model in case-basedreasoning
for domaincompliantcomplexrecommendationgeneratione.g. medicationprescription?8,9,18,19

Designa hybrid knowledgemodeling approachfor both medication and dosageselection that can
leverageboth partial domainknowledgeaswell asroutine clinicalpracticeof clinicians.

Overall Goal 

Challenges

Objectives

1. Leveragepartial domainknowledgefor activepartitioningof clinicalcasebase.

2. Selecthighlyrelevantsubsetof clinicalreferencecasesfrom a generalpool of the candidatecases.

3. Synthesizedomainmodelwith selectedcasesfor multi-factor recommendationgeneration.

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 recommendationsfrom a partial domain model?

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications
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Taxonomy of Decision Modeling Approaches in CDSS

Å [10] Artificial Intelligence: A Modern Approach, 4th US ed. by Stuart Russell and Peter Norvig. 2021
Å [11] Alazzam, Malik Bader, et al. "Nursing care systematization with case-based reasoning and artificial intelligence."Journal of Healthcare Engineering2022 (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

Introduction Proposed Idea Conclusion
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Expert-driven ModelData-driven Model

Domainknowledge 
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

Related Work Experimentation Publications
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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

ώмтϐ ¢ŜƻŘƻǊƻǾƛŏΣ нлмо
ThyroidCancer 

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
ExpertModel Yes No No Yes Manual

[8] Niazkhani, 2020
Kidney patients

treatment
ExpertModel 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

CaptureClinical Practice Yes Yes

Multi-level Selection No Yes

MedicationSelection 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
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VSAs-Is To-Be

Assign cases
to partitions

Start

Select 
candidate case

Calculate
distance

Next case?

Select ɗcases 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)
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Comparison with Case Adaptation Process

Introduction Proposed Idea Conclusion
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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

¢ŜƻŘƻǊƻǾƛŏ Ŝǘ ŀƭΦ "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

CaptureClinical Practice No Yes

Multi-level Selection No Yes

MedicationSelection 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 
thresholdvalue 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

Primitivedosage estimation for 
a single medicine

Manual dosage selection by 
domain expert (physician) 

14/50
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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
ÅSelection of Medications
ÅSelection of Medication Dosage
ÅSimilar Cases with Improved Outcome

ÅNon-linear interaction of 
contributing factors

ÅScarcity of relevant data
ÅRecommendation interpretability

Clinical domain characteristics
CDSS Dashboard

Generic 
recommendation

15/50

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications



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

Proposed Methodology

Contributions:
ÅActive Casebase Partitioning
ÅCase Selection using Patient Improvement Indicator
ÅCase 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 Health19.1 (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 ɆɆɆ 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 ὑὄ, Case Base ὅὄ  

Output: Partition ὖ =  {Ὕ1,Ὕ2,Ὕ3,ȣ,Ὕὲ}  

║▄▌░▪ 

1:  █▫►▄╪╬▐ ὧ Ὥὲ ὅὄ: 

2:         ὶόὰὩ= ►▄╪▼▫▪░▪▌(ὧ) 

3:         ὶὩὧ= ὶόὰὩ1 .ὧέὨὩ 

4:         ὖὶὩὧ= ὧ     / /ὥίίὭὫὲὧ,ὶὩὧ  

5:  █▫►▄╪╬▐ ὴὸ Ὥὲ ὖ:     

6:         ░█ ὴὸ.ὰὩὲὫὸὬ  ɲ  

7:               ὪὰὥὫ(ὴὸ)  

8:   ὶὩὸόὶὲ ὖ 

╔▪▀ 
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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 ɆɆɆ 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

ὖὍὍ
В ὢ

ά

 

Algorithm  2: Case Selection 

Input: Partitioned Cases C,  

Output: Selected Cases Cǋ 

║▄▌░▪ 

1:  █▫►▄╪╬▐ ὧ Ὥὲ ὅ: 

2:      ░█ ὧέόὸὧέάὩ ! = ὔόὰὰ: 

3:            ὧέόὸὧέάὩ ă ὪὩὸὧὬὖὍὍ(ὧ) 

4:      ▄■▼▄  

5:            █▫►▄╪╬▐ ὸ Ὥὲ Ὕ:     

6:                 ὭὲὨὭὧὥὸέὶ=  Ὡὺὥὰ(ὧὸ,ὙὩὪ) 

7:                 ὶὩίόὰὸ+ = ὭὲὨὭὧὥὸέὶ 

8:       ὧέόὸ= ὶὩίόὰὸϳὰὩὲ(ὶὩίόὰὸ) 

9:      ὧὴὶὩὺ ă ὪὩὸὧὬὖὍὍ(ὧ) 

10:    ░█ ὧέόὸ! = 0  && (ὧέόὸ ὧὴὶὩὺ)  

11:         ὅίὩὰὩὧὸὩὨ+ = ὧ 

12: ὶὩὸόὶὲ ὅίὩὰὩὧὸὩὨ 

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: Cǋ 

Output: Medication Dosage: R 

║▄▌░▪ 

1:  ὙὩὧὫὩὲ ă ὪὩὸὧὬὙὩὧ(ὈὝὧέὨὩ) 

2:  █▫►▄╪╬▐ ὧὥὸ Ὥὲ ὙὩὧὫὩὲ: 

3:       ὥὧὸὭέὲὧὥὸ ă ὴὶέὧὩίί (ὧὥὸ) 

4:       ░█ ὥὧὸὭέὲὧὥὸ= = ὍὲὭὸὭὥὸὩ έὶ ὍὲὧὶὩὥίὩ  

5:             █▫►▄╪╬▐ ά Ὥὲ ὅᴂ: 

6:                      άὩὨὨέίὥὫὩ ă ὪὩὸὧὬ(ὅά) 

7:                      άὩὨίὭᾀὩă ὰὩὲάὩὨὨέίὥὫὩ  

8:                      άă ίέὶὸάὩὨὨέίὥὫὩ  

9:                     άὭὨὭὲὨὩὼă ά(ά,0,medsize ) 

10:                   ὙὥὲὫὩὒă ά[άὩὨὭὥὲ(ά,0,άὭὨὭὲὨὩὼ) 

11:                  ὙὥὲὫὩὌă ά[άὭὨὭὲὨὩὼ
+  άὩὨὭὥὲά,0,άὭὨὭὲὨὩὼ ] 

12:                 Ὑ.ὥὴὴὩὲὨ(ὙὥὲὫὩὒ,ὙὥὲὫὩὌ)  

13:   ὙὩὸόὶὲ Ὑ 

╔▪▀ 
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Case Adaptation: Dosage Estimation

23/50
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Generate Generic 
Recommendation

Reference 
Cases

C
a

s
e

 C
o

m
p

lia
n

ce
 M

a
tr

ix

1: Matched      0: Unmatched

Compare previousand current medications

Compliance rate 
for each factor

Medication Dosage 
for each factor

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

Range selection using interquartile range

Domain Model

Selected Generic 
Recommendation

Previous
Cases
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Multi -factor Recommendation

24/50
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Case Study: CKD-MBD Treatment
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Case Study: CKD-MBD Treatment
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Expert Model (Type-I patients)

28/50
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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
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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

32/50
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Step 1 : Laboratory Test Administration
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Step 2 : Patient Type Identification

34/50
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Step 2 : Generic Recommendation based on Guidelines

35/50
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Step 3 : Dosage Recommendation based on Similar Patients

36/50
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End-to -end illustration of the Hybrid Case -based Reasoning

Selected Dosage

Selected Medication

Medications

37/50
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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)

Å Case insufficiency detection
Å Compliance between expert model  

and clinical practice
Å Concordance between dosage and 

clinical practice 

User-centric Experimentation
Å Find out usability experience of 

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

System and User-centric 
Experimentation

39/50
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CKDMBD-CDSS Evaluation (System -centric)

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications

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

40/50

Identified some partitions having 
insufficient cases e.g. T30

Variable size partitions
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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

41/50
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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 
Ψdosage decreaseΩ ǎƭƛƎƘǘƭȅ 
dominated i.e. the CDSS 
ǊŜŎƻƳƳŜƴŘŜŘ ǘƻ ΨmaintainΩ 
while the physician 
decreased the dosage

42/50
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CKDMBD-CDSS Evaluation (System -centric)

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

A
c
tu

a
l 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
c
tu

a
l Start/Increase 71 101 19 

Maintain 49 259 52 

Stop/Decrease 9 187 103 

 
Calcium Dialysate 
Concentration Predicted 
  Start/Increase Maintain Stop/Decrease 

A
c
tu

a
l Start/Increase 45 7 0 

Maintain 2 766 0 

Stop/Decrease 0 8 22 
 

 

 
Calcimimatics Predicted 
  Start/Increase Maintain Stop/Decrease 

A
c
tu

a
l Start/Increase 167 132 17 

Maintain 29 334 23 

Stop/Decrease 19 72 57 

 
Calcitriol Predicted 
  Start/Increase Maintain Stop/Decrease 

A
c
tu

a
l Start/Increase 173 31 13 

Maintain 18 448 11 

Stop/Decrease 14 74 68 

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

A
c
tu

a
l Start/Increase 154 31 13 

Maintain 18 448 11 

Stop/Decrease 14 74 68 
 

 

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications
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CKDMBD-CDSS Evaluation (System -centric)

ὅέὲὧέὶὨὥὲὧὩ
В ὛώίὸὩά᷊ὖὬώίὭὧὭὥὲ

Ὦ
ἏἾἩἴἽἩἼἱἷἶἙἭἼἺἱἫȡ

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)
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User Experience Evaluation

Introduction Proposed Idea Conclusion

Related Work Experimentation Publications

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 

Attractivenessand 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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