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Background

Clinical Decision Support Systems (CDSS) are specialized

software solutions that ingest data to provide a wide array of

8
services for cognitive-intensive complex decision making e.g. / ewr|

Physicians, Clincians

(i \ﬁ 'I'ﬁ ewe

disease diagnosis and treatment.1?:3
. . . L Laboratory Data Hospitals
CDSS increasingly leverage data-driven approaches for decision
modeling along with expert-driven approaches for compliance

®

with the domain processes.*>® $

Insurers Radiology Reports
AT
Hybrid knowledge modeling play an important role in \ @ % /

PHR | Vital Signs

generating accurate and domain relevant recommendations for

complex scenarios such as medication recommendation.*®’
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Case-based Reasoning in CDSS

New Case: Receive a test case comprised / AT AEM D 92 SR
of problem component.

([(case |
. Case

L Search
Retrieve

Solutions

€ Receive Problem case

New Casew
Case Search: Search all the cases and J

retrieve a pre-defined set of nearest 02)

cases. @ Retain I<C

ase base

Proposed Solution: Combine solution (library)

component of the retrieved cases e.g. : . Yy
majority vote or averaging. Confirm l O Revise (Proposed
Solution J LSqution
_J
Confirm Solution: Domain expert finally o
accepts the generated solution or update

the generated solution. / Appealing
Output Characteristics of CBR

Generated solution

<= Inherently Interpretable
< Experience Management
<= Evolving continuously

Knowledge base contains past cases and
newly retained cases.

Khan, M. J., Hayat, H., & Awan, |. (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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Clinical Practice Guideline Clinical Case

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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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? 821819

Overall Goal
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.

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.

Challenges
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?
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Decision Modeling

Data-driven Model Expert-driven Model

. Experience
Eager modeling -based modeling

I Domain knowledge

based modeling

Model-based

Heterogeneous Homogenous
Primitive Case

Cocktail of different models Similar models Adaptation

Decision-level Fusioning Decision-level Fusioning

e.g. SVM, RF, DT e.g. Random Forest

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

[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).
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Reference

[7] S.L. Ting, 2011

Domain

General
treatment

Proposed Idea Conclusion

Experimentation Publications

Guideline Capture

Modelin . . . .
8 Incorporation Clinical Practice

Case-based

Medication

Feedback .
Selection
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Medication

Dosing

No

[16] Branden, 2011

Lung cancer
treatment

Case-based

Yes (single)

[20] Khussainova, 2015

Brain cancer
treatment

Case-based

No

[17] Teodorovi¢, 2013

Thyroid Cancer
treatment

Case-based

Yes (single)

[12] Shemeikka, 2015

Kidney patients
treatment

Expert Model

No

[13] Hellden, 2015

General
treatment

Expert Model

No

[14] Awdishu, 2016

Kidney patients
treatment

Expert Model

Manual

[15] Pirnejad, 2019

Kidney patients
treatment

Expert Model

Manual

[8] Niazkhani, 2020

Kidney patients
treatment

Expert Model

Manual

Proposed

Kidney patients
treatment

Hybrid:
Case-based

Yes (multiple)
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Comparison with Case-based Approach
m Diagnosis made by the Hybrid Case'baSEd Reasoning (H'CBR)

physician

Generic
\l/ Domain @ Relevant @ .| Medication @ Recommendation

Hybrid Intelligent Medical Prescription Support Approach Knowledge Cases “| Retrieval

7 % 0]

Set of Drugs @

v VY

A4

Expert Panel for
Recommendation
Refinement

Case .
@ - Generic @ S Case Adaptation for
) “| Recommendation Prioritization dosage estimation
through Grading g

. New Selected Medication | @
Case-based Bayesian Patient Case Patient Cases Database

Reasoning Reasoning
Persistence

Il Summarized Comparison
Rule-based Results Aggregator Characteristics HKSMP H-CBR

Domain Knowledge No Yes

Drug List

Capture Clinical Practice Yes Yes

v
Drugs to be prescribed Multi-level Selection No Yes
by physician

Medication Selection Yes Yes

S.L. Ting, 2011: Hybrid Knowledge-based approach to Support Medical Medication Dosing NO YeS
Prescription (HKSMP)
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v
Acquire
input case

Acquire

Acquire )
domain model

input case

A 4

Y
Select | label
candidate case Casebase existing cases

Identify partition

A\ 4

Calculate v Assign cases

distance Retrieve to partitions
candidate cases

v One time processing
Evaluate (active case-base
partitioning)

no Case feedback

Select 0 cases identify

improved cases

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

A 4

Get

similar cases Get Retrieve generic S—
v reference cases recommendation Templates

Select
Medication M

R .
Generic rec.
Rec. Type ?
_ , Case
Numeric Nominal . .
Compliance Matrix

A 4 A 4

Casebase

Average Majority Dosage

Medication ?

Teodorovic 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.

Range Selection
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Hybrid Case-based Reasoning (H-CBR)

List of commonly used medications in our kidney
transplant clinical

v

s L. @ @ Generic
Checking clinical ljel'::rences for DLIs Domain Relevant @ .| Medication Recommendation
v Knowledge Cases Retrieval

Extracting associated clinical rules for DLI-CDSS 7y X @

v
1-Review of the content and clinical relevance of DLIs 5 W @ W

Expert Panel for

by one clinical pharmacologist @

\ 4
2-Review of'the revised version of content and clinical

~

Generic

“| Recommendation

@ Case

Prioritization
through Grading

Case Adaptation for
dosage estimation

Recommendation
Refinement

Medication @

Database
Recommendation
Persistence

H-CBR

Yes

relevance of DLIs by one senior nephrologist
Patient Case Patient Cases

Excluding those DLIs that were not considered as
clinically relevant DLIs by 1 or 2

v Rules defined
incorrectly
\ 4 Design

+problems

Y Programming

. Ppro blems

Developing the knowledgebase for the DLI alerts

Summarized Comparison
DKMS

Yes
No
No

Yes

Logical and physical design of the CDSS system

Characteristics
Coding and programming of the CDSS system

\7 | v

Testing of the CDSS system with Testing of the CDSS system with real
data of the fictitious patients data of 100 adult kidney recipients
| I
v Multi-level Selection

OK? [No] Analysis of the
' rooting problem(s)

Domain Knowledge

Capture Clinical Practice Yes

Yes

Medication Selection Yes

v [Ye)
[ ]

Automated

Medication Dosing Manual

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

Challenges

Distinct
neighborhood
identification

Unspecified utility of
similar cases

Partial domain model

=)

—

—

Solutions

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

Ubiquitous Computing Laboratory
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Benefits

Case insufficiency
detection

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

Quantify efficacy
of similar cases

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

Fine-grained
Recommendation

Ph.D. Dissertation Spring 2022
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Research Map

Proposed Solutions

Domain Model

Active Case base Partitioning Case Selection Case Adaptation »| Recommendation

Clinical Cases

"

Problem: User define neighborhood :: Problem: Similar candidate cases are :: Problem: Domain knowledge is
threshold value results in fixed size selected primarily based on their 1} generally insufficient for generating + Variable

case base partitions. Appropriate I proximity to the test case while :: recommendations for complex tasks neighborhood size
neighborhood size selection is based | outcome information is not accounted :. such as medication dosage selection + Quantify efficacy

on trial and error approach. for case selection. of similar cases

Outcomes

+ Fine-grained
recommendation

Challenges
C1: Fixed size
neighborhood Existing Approach Existing Approach Existing Approach

Challenge 2 Challenge 3

Outcomes

C2: Similar cases -~ Trial and error approach for neigh Select all cases within a selected Primitive dosage estimation for -- Case uncertainty

treated equally borhood size selection neighborhood a single medicine -- Similar case may

be unrelated
C3: Partial domain -- Pick top K nearest cases at the Assign weight to case dimensions Manual dosage selection by

knowledge inference time (lazy-modeling) based on domain experts domain expert (physician) - Generic
) recommendation

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



Introduction Proposed Idea Conclusion

ii Ubiquitous Computing Laboratory
Related Work Experimentation Publications

KyIngiHEeEIUnIVeTSItyIRorea|

Research At A Glance

o Clinical Decision Support Systems
Biographical
Data

Data are collected from various sources,

joined together, and organized Expert-based Domain Model
(Explicit knowledge)

Laboratory R [ )
Results Extract Transform

Load Operation decision rules
ﬂ p

Case insufficiency

detection Case:
<Problem>,< Solution>

Medication
Data

election

Relevant cases selection

. Treatment

Diverse X Y
Relevant cases
Data Sources Lab Results

Y L
) Medication dosage selection Clinical Case
— > Case Adaptation

(Implicit knowledge)

. N
recommendation Prediction [ CDSS Dashboard

& Insights © |- - o Treatment Recommendation Clinical domain characteristics

Utilize domain model (explicit knowledge) ‘ > Se:ect!on o: Mejfcat!onsD Non-Iiltr:ea.r m:eractlon of
and clinical cases (implicit knowledge) for SN0 S? g::tlon orViet ;\c?tlon o;age ;ontr.| utlfng Iactorsd

complex recommendation generation QY Similar Cases with Improved Outcome carcity of re e.vanfc ata N
Recommendation interpretability
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Proposed Methodology

Contributions:

. . * Active Casebase Partitioning
Hybrid Knowledge Modeling for * Case Selection using Patient Improvement Indicator

Case-based Reasoning » Case Adaptation using Hybrid Approach

Expert-driven flow m m =3

Data-driven flow =y

Partial-Knowledge Medication Selection

(decision rules) Expert Model ————————————

|
I Grouping Patient Multi-label Recommendation
! Improvement Indicator (Dosage Selection)

. Case
Dataset Case Partition . Case Selection .
Candidate Reference Adaptation

Cases Cases

Clinical Cases

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.
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1
1 Grouping Patient 1 Multi-label Recommendation
. Improvement Indicator ) (Dosage Selection)

Related Work Experimentation Publications = ) Cose
Dataset Case Partition Case Selection Adaptation

Expert-based Domain Model

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

Once rules are validated,
they are persisted in the General representation

Knowledge Base for

Creating production recommendation of the expert model
rules based on iterative generation (Mlnd Map)

PY R A R _ . decision tree for
* |/ Y e e e e )) Iterative decision tree actionable knowledge o
RY a )) constru;:tion fo(; formal through Intelligent Condition_]1
knowledge modeling ;
" Mind Map creation based Knowledge Authoring

| through Enterprise Tool
on domain knowledge for Architect

the clinical decision IB

Multiple consultation .
automation l
sessions between Condition 3 L Condition_ 18

Physicians
and Knowledge
Engineers Yes

No

| ' | } ' ; | | |

[ Condition_4 [ Condition_5 Condition_6 Condition_7 ] Condition_12 [CoudiliolLll ] [ Condition_14 ] [ Condition_19 [ Condition_20 [ Condition_21 ] [ Condition_22 }

I | I I I I I I I I
| | ! } | | |

[ Condition_8 ] [ Condition_9 J [ Condition_10 } [ Condition_15 ] [ Condition_16 ] [ Condition_17 ] [ Condition_23 ] [ Condition_24 ] [ Condition_25 ]

| Sample Rule: IF: < ConditionSet:{A,2,4,8} > THEN: < Recommendation: {T1} > I

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

Sample Decision Rules

VascularCal ValvularCal PTH PTH_{ PTH_{ PTH_( PTH_C CorrectedCa Phosphate RuleRecCode
Expert MOdeI Present Absent 300-100 no no no  no >10.2 5.5 T13
Present Absent 300-100 no  no no no >10.2 3.5-5.5 Tia
Present Absent 300-100 no no no  no *10.2 <3.5 T15
Present Absent 300-100 no no no  no 8.4-10.2 5.5 T16
Present Absent 300-100 no no no  no 8.4-10.2 3.5-5.5 T17
Present Absent 300-100 no  no no no 8.4-10.2 <3.5 Ti8
al Present Absent 300-100 no  no no no 7.5-8.4 5.5 T16
| Present Absent 300-100 no no no  no 7.5-8.4 3.5-5.5 T17
Present Absent 300-100 no no no  no 7.5-8.4 <3.5 T18
Present Absent 300-100 no no no  no <7.5 5.5 T19
Present Absent 300-100 no  no  no no <7.5 3.5-5.5 T20
Present Absent 300-100 no no no  no <7.5 <3.5 T21
Present Absent <100 no no no no >10.2 5.5 T13
Present Absent <100 no no no no >10.2 3.5-5.5 T14
Present Absent <100 no  no no no =10.2 <3.5 T15

rule: Reasoning (case)

<
Dataset

Active Case Partitioning

Knowledge Base

Patient Clinical Cases ..
Similar cases are placed

in same neighborhood

C__ 2 A 0 ~ 1 ~ 1 ~ C_
o

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

Cases assigned to
multiple variable
size neighborhoods

Medication Selection

Partial-Knowledge
(decision rules)

Expert Model

Multi-label Recommendation
(Dosage Selection)

1
1 Grouping Patient

i
Improvement Indicator ,I,

Case
Dataset Case Partiti Case Selectio R
. " Bl eerence Adaptation [

Algorithm 1: Active Case Partitioning
Input: Rules KB, Case Base CB
Output: Partition P = {T;, T, Tj, ...
Begin

1: foreachcin CB:

2: rule = reasoning(c)

Tad

3: rec = rule[1]. code
4: Plrec] =c
5: foreach pt in P:

6: if pt.length < @
7: flag(pt)

8: return P

End

//assign(c,rec)

Ph.D. Dissertation Spring 2022
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Partial-Knowledgd Medication Selection

(decision rules)

Expert Model

Introduction Proposed Idea Conclusion

1
| Grouping Patient Multi-label Recommendation
Improvement Indicator v {Dosage Selection)

Related Work Experimentation Publications » ) Case
Dataset — Case Partition m——— Case Selection Adaptation ‘ R

Active Case-base Partitioning based on Domain Model

Expert Consultation Expert Model Decision Tree Decision Rules Active Case Partitioning Partitioned Case-base

ged T » 0w I »ea » [ » 6

Knowledge Engineering Process —

T — Cunrent PTH? Vi Cabiaion VascularCal ValvularCal PTH  PTH_{PTH_{PTH_(PTH_C CorrectedCa Phosphate RuleRecCode
m?i‘,fﬁ?.f.fi”“” o J— i 150 Positive Group Present Absent 300-100 no no no  no >10.2 5.5 T13
Present Absent 300-100 no  no no no =10.2 3.5-5.5 Ti4
- - Present Absent 300-100 no no no  no *10.2 <3.5
,.,:;;'\'.::.\':::(: - "ii!f.iid‘?flé"“ — ;;;"u::::,:; Present Absent 300-100 no  no no no 8.4-10.2 5.5
Present Absent 300-100 no no no  no 8.4-10.2 3.5-5.5
I"l['JH :ou‘.-\lxl.::m : Present Absent 300-100 no  no no no 8.4-10.2 <3.5
ecreased by 507

Expert-model construction based on - _ - Present  Absent  300-10n0 no no no 7584 355

[ H H H Present Absent 300-100 no no no  no 7.5-8.4 3.5-5.5
Cllnlcal praCtlce gUIdellnes . a Present Absent 300-100 no no  no no 7.5-8.4 <3.5
(domaln knOWIEdgE) | [ ] Present Absent 300-100 no no no no <75 5.5

Present Absent 300-100 no no no  no <7.5 3.5-5.5

PTH: 300 ~ 150

Patient

— 3 Clinical Cases | rule: Reasoning (case)

9 Active Case Partitionin Knowledge Base
Dataset 4 (Domain Model)

W
N__ Partitioned Case-base Similar cases are placed in same neighborhood

G
Cases assigned to multiple 2 3 4 5 N . - . . L . .
variable size neighborhoods . T T T T Benefit: Easily identify a ‘nelghborhood with msgfflaent
number of cases prior to test case processing
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1
! Grouping Multi-label

(Dos:

Related Work Experimentation Publications

Case
Adaptation

Dataset Case Partition Case Selection
l

Case Selection based on Feedback

Cases from selected partition (C)

Legend

X: Lab. Results Example: Outcome score assighment Algorithm 2: Case Selection
Y: Medication

0: Outcome Input: Partitioned Cases C,
PNo.: 1001 Output: Selected Cases C’

Patient Improvement Indicator Beg in

C,i<X><Y>

X Y O i Patient No | Visit1 Visit 2 Visit 3 Visit 4 Visit 5 Visit 6 1: foreach cinC:

.. N L : 1001 0.67 0.33 0.67 0.67 0.67 1 .
Visit Laboratory Results Medications PIl <visit i> | ! 2: lf Coutcome | = Null:

mX.
| 'V PII = E—l Coutcome € fetchpy(c)
impact quantification feedback m

W |

else

Treatment efficacy assessment based on a patient’s
! physiclogical status after the treatment
Visit ,,. |Laboratory Results| Medications .

3
4
5 foreachtinT:
c‘a,,-.‘_ 6: indicator = eval(c;, Ref)
7
Assigh Outcome to

Similar Cases 8

9

result+= indicator

Cour = result / len(result)

Cprev éfetChPII (C)
10: lf (Cout! = O) && (Cout = Cprev)

T 0 : ' - | : : =
Cases having PIl: +ve ‘ Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 Visit 6 11 Csetectea += €
12: return Cypocted

End

[C1<O> C,<0>| Cy;<0> | C4<0> Cn<0>}

[ Selected Cases (C’) ]

Ph.D. Dissertation Spring 2022 Hybrid Knowledge Modeling for Case Selection and Adaptation in CDSS
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1
: Grouping Patient
Improvement Indicator

Dataset Case Partition Case Selection :
Adptation |

Related Work Experimentation Publications

Case Adaptation

Y Residuals Plot Y = 894.068432 + 6.992550 X,

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.

@
a
B
[
®
&

Sevelam qu
4800
4800
4800
4800
7200
1600}
3200 Residuals: Histogram
3200}
. . 3200}
Reference Cases Medication of Reference Cases 2200
2400
2400
3200}
3200}
3200}
4800
4800
4800
4800
1600
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1
: Grouping Patient

- - . . Improvement Indicator =
Related Work Experimentation Publications » ) e |
Dataset Case Partition -Camhdswl Case Selection -Rmhmel Adaptation I

Multi-label Recommendation

Case Adaptation using Hybrid Approach

Algorithm 3: Case Adaptation

Expert Model

o Exvert Recommendation Input: Domain Knowledge: DTcode,
* Calcimimetics == —— —
for Calcimimetics

Generic for 71 Recommendation JISERVIFTIY) E— Selected Case: C’
Recommendation Categories Analogs v Start or Increase L.
- Calcitriol = Maintain Output: Medication Dosage: R

cPB L=  Stop or Decrease .
Start or NCPB Beg in
Yes: Get Recommendation Increase * Dialysate

for next category Calcimimetics: Cinacalcet 1: Recgen éfetchRec(DTcode)

Next (Medication Category) (medication)
No . i .
Medication? &S Estimation ? e 2: foreach cat in Recyep,:

Patient Recommendation
Group T1

Decision Tree

action,,; € process (cat)

Case Selection : if action., == Initiate or Increase

Inter : : foreachmin C":

| | Dosage quartilerange
Similar Cases Case Retrieva . .
for T1 Where Pl > 0 Selected Estimation Cinacalcet medg,sqge € fetch(Cy,)

cases =: [25 ~ 50] mg/day|

medg;,, € len(meddosage )

Laboratory and imaging test results ication for selected cases

m€& sort(meddasage )

MRN Encounter Albumin Calcium Phosphate Vascular Valvular PIl Value Cincalcet

No. Calcification | Calcification (mg/day) : midindex &« m(m, 0, med;,. )
1933623 10 3.7 8.9 6.9 Present 0.67 25

Range; € m[median(m, 0, mid;,qey )

1933623 11 35 8.5 5.7 Present 0.33 25

Rangey €m [midindex
+ median(m, 0, mid; ey )]

1933623 12 3.7 8.5 6.5 Present 0.33 25
4855226 10 3.8 9.3 6.3 Absent 1.0 50

sol3pWiwWIR|eD
404 SuO|3eIIPIIN

4855226 3.6 9.1 8.2 Absent 0.67 50 12: R.append(Range;, Rangey)

.ee eee (11) (11} see 13. Return R
1266498 3.9 . 9.1 Present 75
End
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Case Adaptation: Dosage Estimation

Domain Model

Reference
Cases

Previous
Cases

Generate Generic
Recommendation

Compare previous and current medications

Selected Generic
Recommendation

Case Compliance Matrix

Cases/Factors

Case 1l

|
Factor 1

\
Factor2 Factor3 .. FactorN

Case 2

Partial-Ki led,
bl  Expert Model 1
(decision rules) '
1
1
1 Groupin

Dataset

Case 3

1 1

1: Matched 0: Unmatched

Medication Selection

patient | Multi-label Recommendation
.

Improvement Indicator " B
Case

Adaptation I

Case Partition Case Selection
Condidat

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

Compliance rate
for each factor

Medication Dosage
for each factor

Range selection using interquartile range

Ph.D. Dissertation Spring 2022
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Multi-factor Recommendation

Laboratory Data

Guideline-based
recommendation

Patient
Laboratory test results

CKD-MBD CDSS

Medication Prescription
Similar-patient
recommendation

Laboratory Datd

Conclusion

Publications

Dataset

(decision rules)

Partial-Knowledge Expert Model

Patient

1
! Grouping
Improvement Indicator

Case

Case Partition Case Selection :
adsptation [

Generic Medication Prescription based on Guidelines

Start or Increase

Dialysate Cal. Concentration

Maintain

Calcium-based
Phosphate Binder

Stop CPB

P Non-Calcium-based
Phosphate Binder

Start or Increase

® Vitamin D receptor activators

Stop Vitamin D & Analogs

Calcitriol

Stop Calcitriol

.

\

Medication Dosage Prescription based on Similar Patients

Cinacalcet
(mg/dav)
25-50

Calcitriol, po
(ug/dav)

Calcitriol, iv
(ug/week)

(ug/week)

0

(ug/day) (mg/day)

0 0

Calcium Acetate

(mg/day)

- (mg/day)

(me/dav)

800

Dialysate Calcium Concentration (mmol/L)
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Case Study: CKD-MBD Treatment

Patient Case

0

O > [Processing Laboratory test results]
Laboratory

Patient
condition evaluation

=)
” test results l

CKD-MBD

Recommendation .
Evaluation

Sources

Clinical ! Patient
Practice categorization

Guidelines
L

Change TP

Recommendation Treatment J‘

(
\ Plan (TP)

Select & Evaluate TP
Prescribe TP

J Monitor Patient Response

[ Treatment Monitoring

r 3

dL bunsixy urejuiey
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Expert Model (Type-l patients)

Publications

Corrected Calcium (Ca)

Legends:
Parathyroid Hormone (PTH) Current PTH?
Phosphate (P)

PTH > 300 PTH < 150

Ubiquitous Computing Laboratory
KNG CEIUNIVETSITYSROrea

Patient Type-I:
Vascular Calcification
Positive Group

1 iPTH: 300 ~ 150

( PTH>250 AND PTH

l

[ 2 Consecutive

measurements J 'L Increased by 50% }
le ]

No

Y

PTH <200 AND PTH
Decreased by 50%

2 Consecutive
L measurements

} } }

|

(o) () i) (=) : (o)

Ca: Ca:
<
102~84 ] [ 84~175 ] [ Ca:=7.3 ]

| l

} }

Mean P
55~3.5

Mean P
55~3.5 L
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Expert Model (Type-Il patients)

Legends: : _
Parathyroid Hormone (PTH) [ Current PTH? } v PatllenE-TiYP?H--
Corrected Calcium (Ca) ascular Calcification

Phosphate (P) Negative Group
PTH > 600 PTH < 130

l lPTH: 600 ~ 130 l

[ 2 Consecutive 1 _( PTH >300 AND PTH } ( 2 Consecutive }

measurements J 'L Increased by 50% L measurements

¢ ) No

v

Yes
PTH < 150 AND PTH

Decreased by 50%

| | | N N
[ Ca>10.2 ] [ st ] k ' ' [ Ca>102 ] [ Lot ] [ e ] [ Ca:<7.5 ]
| | }

Mean P (
5.5~3.5 L
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Computation
Process

[ Final Outcome ]

Comments T

O

Compound Conditions

Group 2:Vascular Calcification (-)

Group 1:Vascular Calcification (+)

Total Number of Rules: 432
Overall Types of Recommendation: 33

|

WRRR AR A"
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Sample Recommendations

Recommendation Factors

Calcimimetics

Calcium-based
Phosphate Binder
Non-Calcium-based
Phosphate Binder

Vitamin D receptor activators
Calcitriol

Dialysate Cal. Concentration

Proposed Idea

Experimentation

Conclusion

Publications

[

~

Possible Treatment Options

- ii Ubiquitous Computing Laboratory

KNG CEIUNIVETSITYSROrea

Start or Increase

As lt s

Stop or Decrease

Decrease or Stop

Start or Increase CPB

As lt s

Decrease CPB

Stop CPB

Start or Increase NCPB

As |t Is

Decrease NCPB

Stop NCPB

Start or Increase

Aslt s

Decrease

Stop

Consider Vitamin D Analogs

Start or Increase

Aslt s

Decrease

Stop

Consider Calcitroil

Increase by 0.25 mmol/L

Maintain the current dialysate
concentration

decrease by 0.25 mmol/L

Recommendation Factors

Calcimimetics

Calcium-based

Phosphate Binder
Non-Calcium-based

Phosphate Binder

Vitamin D receptor activators

Calcitriol

Dialysate Cal. Concentration

J Treatment 1 (T1)

|

Start or Increase

Stop CPB

Start or Increase NCPB

Stop vitamin D analogs

Stop Calcitriol

Reduce by 0.25 mmol/L

|

Treatment 2 (T2) ]

Start or Increase

Stop CPB

Maintain NCPB

Stop vitamin D analogs

Stop Calcitriol

Reduce by 0.25 mmol/L

_[ Treatment 33 (T33)

]

Decrease of Stop

Decrease or Stop CPB

Decrease or Stop NCPB

Decrease or Stop

Start or Increase Calcitriol

Increase by 0.25 mmol/L
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CKD-MBD Treatment Execution Process Flow

Laboratory Tests

Generic Dosage
Recommendation Recommendation

Step 1 Step 2 Step 3

Conduct laboratory tests for Provide general medication Provide medication dosage
the kidney patient and acquire intake recommendation based recommendation based on
the results on guidelines similar reference patients
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Step 1 : Laboratory Test Administration

o

Laboratory tests are performed at Monthly Tests

1. Phosphate

three different time scales 2. Calcium

3. Albumin

New PTH Thrice-Monthly Tests
4. Parathyroid

Patient may visits every month for the Xy Hormone

Yearly Tests

checkup/ dialysis treatment et PTH 5. Lateral Radiography

6. Echocardiogram

: Yes No
Previous Results: New Results:
Echo, Radiography v Echo, Radiography

Get
Echo, Radiography

PTH testis valid for three months

Both lateral radiography and
echocardiogram are performed on
annual basis
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Step 2 : Patient Type Identification

Retrieve Lab test results for Lateral
Abdominal Radiograph (LA Radiography)

=
& g )_’
Get LA Radiography

Patients are divided into two groups T

Retrieve Lab test results for Echocardiogram

Group 1 deals with those patients who
are diagnosed positive for vascular
calcification

LA Radiography >5 ?

Group 2 deals with patients whose
vascular calcification is negative

X o X . Vascular Calcification: 1
Group identificationis based on lateral (Positive)
radiography and echocardiogram tests

Present

Vascular Calcification: Vascular Calcification:
(Positive) (Negative)
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%% %

Laboratory Tests Production Rules

CLL) Sroup
Monthly Tests

1. Phosphate

2. Calcium

3. Albumin :

Thrice-Monthly Tests :
4. Parathyroid I Q T
Hormone ﬂ
Yearly Tests Reasoni ng
5. Lateral Radiography [
6. Echocardiogram ‘ :

Cinacalcet Calcium based Phosphate Binder Dialysate calcium concentration

Start or increase —— . .
Maintain CPB Maintain Current Dialysate Calcium

Cinacalcet concentration

Based on patient’s group identification
and lab. test results the reasoning
process initiatives

A general recommendationis generated
based on stored rules which were
acquired from knowledge engineering
process

Contents of this recommendation are: a
recommendation code e.g. T1 and
general guideline to manage medication

Vitamin D analogs Non-Calcium based Phosphate Binder Average PTH > 500

Maintain
Vitamin D analogs

Start or increase NCPB Workup for Parathyroid Gland
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@ Dosage Recommendation based on Similar Patients
Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 Medications of patients

Visit 1 Visit 2 Visit 3 Visit 4 0 50 (10

Medication from all 0 1 0 5

Visit1  Visit2  Visit3  Visit4  Visit5 the matched cases |

Visit 1 Visit 2 B

50
etert . |
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Dataset

Multiple Patients Multiple Visits Case Partitioning
Tland Type-l patients Type-I patielnt visits Visits T interest

XXX X) NAoEnen)| |t BEannn)

1+ 11 111 |4 BEEED) BEED)

uideline-based o p
= ame | PP P AP 2]=]4]s s DIMMRul : 12131 [s]ell

A BBEpon | [t BEsEan

New Patient

Visits  Selected cases medication dosage Vijits Visits

1
5 ‘ \

|
e [ ‘
Treatment Recommendation ? 25 10 0 50 10 H ]
Medications M1 | M2 | M3 | M4 | M5 ? 50 | O 0 0 3 Treatment outcome n ]
Selected Dosage - . >0 > le— ;Zgiegﬂjiisrzfgh PIl. >

Selected Medication / X | X / / T 25 0 ia\,fsa\:'ehféfnz\zz as : n H ]
Guideline-based TE&R@ 1\ 50 high-prospect cases. [ ]

medication selectio
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Experimental Setup

Dataset Description

Total Patients: 66 Test Cases: 250

Total Case-base: 850 Initial Case-base: 600
Patient Type-I: 374 Patient Type-I: 107 _\
Patient Type-Il: 476 Patient Type-Il: 143 '?é aisy a@ [==] &%
. Record Lab Generate Re.c!;)rq Recorq
SyStem'CentriC EXperimentation (250 cases) /% Recommendation Prescription Evaluation

/ - \
. .« . . . ; Ao Evaluation for

° Ca Se in S uffl C i e n Cy d ete Ct i O n Lab test Visit 1 Recommendation 1 Prescription 1

. 2 . 2 . 2 o 2 valuation for
° Co m pI |a ] Ce betwee N expe rt m Od e I Lab test Visit 2 Recommendation 2 Prescription 2 Resonllmetznda]':ion 5

an d CI | n |Ca I p ra Ctlce . Lab test Visit 3 Recommendation 3 Prescription 3
Concorda nce between dosage and Lab test Visit 4 Recommendation 4 Prescription 4
clinical practice

System and User-centric
Experimentation

Lab test Visit 5 Recommendation 5 Prescription 5 Evaluation for
Recommendation 5

User-centric Experimentation o : : :

. ope . i ; . Evaluation for
° Flnd Out Usabl|lty experlence Of Lab test Visit 12 Recommendation 12 Prescription 12
. - S N S

the CDSS through a pilot study

e Participants: 11 (clinicians)
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CKDMBD-CDSS Evaluation (System-centric)

Experiment objective:
To find out case partitions @

having insufficient cases at Variable size partitions
data acquisition stage @

Top 10 most frequently invoked generic recommendations

Findings:

1. Recommendations T1® and
T mostly deal with
maintaining the current
medication prescription

75
57
Consistent with the clinical b 38 37
practice where abrupt I l . . - > 20
changes in treatment are . - [ ]
T5 T4 T7 T20 T18 T26 T8

T19

Identified some partitions having
insufficient cases e.g. T30

Number of Cases

avoided Recommendation Code
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CKDMBD-CDSS Evaluation (System-centric)

Experiment objective:

To evaluate overall compliance
between generic recommendation
and routine clinical practice

Cardinality of Recommendation Factors Compliance

Findings:

1. In general most of the
recommendations have high
compliance with routine
clinical practice
77% compliance rate is recorded
for recommendations factors

m atC h e d 3 a N d a bOVe No Factor Matched 1 Factor Matched 2 Factors Matched 3 Factors Matched 4 Factors Matched 5 Factors Matched All Factors Matched

Clinical Cases

Number of factors complied in clinical practice
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CKDMBD-CDSS Evaluation (System-centric)

Medication Class Compliance

mCompliant Cases mNon-Compliant Cases

614
516
334
236
I 113
B

Calcium Dialysate

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

Findings:
1. In non-compliant cases
‘dosage decrease’ slightly

633
558
292
dominated i.e. the CDSS -
recommended to ‘maintain’
while the physician
decreased the dosage

Calcimimetics Calcitriol Vitamin_D CP

Medication Class

Clinical Cases
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CKDMBD-CDSS Evaluation (System-centric)

Confusion Matrix

Calcimimatics

Start/Increase
Maintain
Stop/Decrease

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

Maintain
Stop/Decrease

Predicted

Start/Increase Maintain

Stop/Decrease

Ubiquitous Computing Laboratory
KNG CEIUNIVETSITYSROrea

Calcium-based
Phosphate Binders

167 132

17

Start/Increase

29 334

23

Maintain

19 72

57

Stop/Decrease

Predicted

Start/Increase Maintain

Stop/Decrease

Non-Calcium-based
Phosphate Binders

173 31

13

Start/Increase

18 448

11

Maintain

14 74

68

Stop/Decrease

Predicted

Start/Increase Maintain

Stop/Decrease

Calcium Dialysate
Concentration

154 31

13

18 448

11

14 74

68

Start/Increase
Maintain
Stop/Decrease

Predicted
Start/Increase Maintain

Stop/Decrease

140 66

8

16 488

19

3 41

69

Predicted
Start/Increase Maintain

Stop/Decrease

71 101

19

49 259

52

9 187

Predicted
Start/Increase Maintain

Stop/Decrease

45 7

0

2 766

0

0 8

22
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CKDMBD-CDSS Evaluation (System-centric)

Experiment objective: Concordance evaluation for the medication dosage recommendation
To evaluate concordance between
dosage recommendation and Management Class
routine clinical practice

Total Present In-Range Dut-oI-Range
Cases Cases Cases Cases

t Cinacalcet 250 49 42 7
Calcitriol, po 250 11 0 2
Calcitriol, iv 250 15 10 5

. . Paricalcitol, iv 250 148 26
Concordance Findings: t Alfacalcidol 950 0 0 0

Cinacalcet = 85.71% ' Calcium 250
o Carbonate
Calcitriol (po) = 81.81% poroona
o ) Calcium 750 1 9
Calcitriol (iv) = 66.66% Acetate
Paricalcitrol (iv) = 82.24% : Sevelamer 250 155
: Lanth 250 20 11
Calcium Carbonate = 76.47% | anman
) Dialysate Calcium 750 250 246
Calcium Acetate = 81.81% Concentration
Sevelamer =76.12% ¥ Cinacalcet, alfacalcidol, calcium carbonate, calcium acetate, sevelamer, and lanthanum are orally taken tablets.

Lanthanum = 55%
Dialysate Cal. Concent. = 98.40%

34 26

OO NOUEWNRE

Z{ (System N Physician)
J

Evaluation Metric: Concordance =
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CKDMBD-CDSS Evaluation (User-centric)

User Experience Evaluation

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

Findings

1.

Received higher feedback score on
Stimulation, Dependability, Efficiency
Moderately innovative

Room for improvement in
Attractiveness and Perspicuity

Dashboard: consists of

patient search by name

and can also display all
patients

Screen 1. Sign-In

Sign-In requires username
and password to login the
system

New Patient is registered,

medical record number is

assigned and laboratory
tests are recorded

Screen 2.Dashboard

(=1
I 21N\

For the registered patients
laboratory tests are

recorded

Screen 3. New Patient

Screen 4. Registered Patient

generated for Medication

Recommendation is

Screen 5. Recommendation

Visualization is provided
for laboratory tests and
medications consumed

Innovative
Friendly
Attractive
Organized
Practical

Clear

Efficient

Meets expectations
Motivating
Secure
Pleasant
Leading edge
Pleasing
Easy

Good
Supportive
Inventive
Fast
Predictable
Interesting
Exciting
Valuable
Easy to learn
Creative
Understandable
Enjoyable

Item Category

« Mulc Ubiquitous Computing Laboratory
v KyIngiHEeEIUnIVeTSItyIRorea|

Mean Value per Item

Mean Value
1

= Attractiveness

m Perspicuity
Movelty

u Stimulation

m Dependability
B Fficiency
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CKDMBD-CDSS Evaluation (User-centric)

Experiment objective:
User Experience of the CDSS
with other services

CKDMBD-CDSS Complete Benchmark Analysis

Findings:
1. CDSS provides higher

dependability due to
transparency and °
incorporating domain

-1

knOWI edge Attractiveness Perspicuity Efficiency Dependability Stimulation Novelty

Shows general acceptance UEQ Scales
across participants

1

Scale Mean Value

mmm | ower Border s Bad Below Average = Above Average s Good Excellent e=s==Mean
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Domain model based on clinical practice guidelines
provide general framework to guide clinicians

Lack of operational details can be complemented by Contributions:
clinicians' experience gained through trial and error
* Case insufficiency detection through
Domain knowledge guided clinical case selection and active case-base partitioning
adaptation provide clinician with insights into the Aean aallaE e Beeed @ faedlbedr

complex recommendation generation process information

Case adaptation based on domain

CKD-MBD CDSS based on proposed methodology
knowledge and selected cases

demonstrated both high-level of conformance with
clinicians’ decision and usability of the system
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Published papers

SCIE Journals (11) Y/

First Author: 3 Published Publicatidn

e Co-author: 8 Published

Local Journals (3) Total Publications

) (26)
e Co-Author: 3 Published

Conferences (10)
First Author Publications
* First Author International: 6 (10)

e Co-Author International: 1

* Local Conferences: 3

Domestic Patents (2)

* Registered: 1
* Applied: 1

.-‘..-.‘- i i
h

Ubiquitous Computing Laboratory
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