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Medical Knowledge acquisition in General

Guidelinebased knowledge acquisition
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Medical Knowledgeacquisition Requirements and Scope of the Proposed work

Knowledge Transformation in general

A
\

Knowledge Knowledge Knowledge
% > Acquisition —+{ | KM-A —» Acquisition H|IKMB|| = = = || KMY > Acquisition | KM-Z
(Method-A) (Method-B) (Method-2)
Knowledge Knowledge Model Knowledge Model Knowledge Model Knowledge Model
Resources A B Y z
) ) TWO Necessary
TWO Necessa 1.1s KMAVvalid representatiorof Knowledge resources? TWO Necessar){ 1.Is KMBvalid representatiorof KM-A? _ } —_— Questions for every
Questions: 2.Is MethodA consistent enougho create always valid Ki? Questions: 2.Is MethodB consistent enougho create always valid Ki8? transformation
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Problem Statement

# Knowledgeacquired from patient data (Datadriven) is considerednon-standard and non-validated,

Knowledgeacquiredfrom CPGg$Guidelines)s genericand non-integratedinto real healthcareworkflows

Methodologythat exploit real practicedataset(EMRsYor recommendationmodel and leverageCPGdor

validatingit for refined standardrecommendationrmodel.

Challenges

Howto establishvalidationcriteriathat aligndiverseknowledgeresourcednto

standardizecknowledgeacquisitionmodel

Howto verify that validationmethodologyis consistentand its applicability

will resultin validatedand consistentknowledgeacquisitionmodel?
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Related Work

Peleg [8] K X X X K
Guideline base Knowledge Serban[9] K X % K K %
acquisition Shalom [14] K X X K X K
Miller [15] K X K X X K
Datadriven knowledge Perera[11] X K K X X X
acquisition )
Gomoi[12] X K K X X K
Toussi[13] K K X X X X
Datadriven and Guideline for
knowledge acquisition Proposed K K K K K K
Approach
# Knowledge ision-integratedinto healthcare % Knowledge isiot-supported by guidelines. # Knowledge acquired from data which is missing
workflows # The methods aréacking formal in guidelineds not-supported by guidelines.
# Not properlyvalidatedagainst patient cases verificationprocess # Lack of propevalidation




Proposed Methodology

Limitations

# Knowledge ipartially/completely notsupportedby
guidelines

ﬁ Knowledgsds nor-integratedinto healthcareworkflow
Not properlyvalidatedagainstpatient cases

The methodsare lacking formal validatioprocess

Solutions

Guidelines Enabled DatBriven Knowledge
Acquisition and Validation Methodology

Validation process for refined clinical knowledge mod

Solution-1

@ Refined Clinical Knowledge Model

Solution-2

Formal Verification Model Using Formal Methods

9 Formal verification of validation process

(a)
()

Formal models for knowledge models and validatig
Formal proofs for consistency theorems

The methods are not unified in formal development process framewg

Objectives

4 )
A Useclinical guidelines for
validating knowledge acquire
from real practices dataset
A Use patient dataset for
knowledge acquisition to

reflect realpractices
N J

4 )

A To verify the knowledge
acquisition and validation is
consistent

- J

Smart CDSS Development Framework

Magbool HussainMuhammad Afzal, Taqdir Ali, Rahman WiajahatAli KhanArif JamshedSungyound ee, ByeongHo Kang, Khalid Latif; "Datliven knowledge acquisition, validation, and transformation into

raen

yntax”,

rti

ce in Medicine (Elsevier, F: ishe
Magbool HussainTaqdir AliwajahatAli Khan, Muhammad Afz&8ungyound ee, Khalid atif,;"Recommendationservice for chronic disease patient in muttbdel sensors home environment”, Telemedicine and EHealth (SCI, IF:1.6), ¥ae23, pp.18899, 2015

nline Oct,
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Conceptual representation of Proposed Methodology

Input : -
Clinical Knowledge Model - Output Refined Clinical Knowledge Model
CKM R-CKM Validation R-CKM
ifi Output
Formally V?”ﬂ?d R Refined Clinical Knowledge Model
CKM Validation R/ YaO
T T T T ITTEs - pomim T T T I PR TR TP .
;Solution 1 1 Solution 2 :

1 x Using formal verification to ensure validation process:
! consistency which ultimately; l
V Enhance validation process for completeness!
V Produce valid RCKM :

1
1% Using rigorous validation process to create fCKM to :
1 overcome limitation of ; :
! V Valid and conformed final model from i i
: guidelines - (Data-driven limitation) i i
; V The model is evolved from data, sintegrable ! !
i with healthcare system workflow (Guideline :

i base limitation) :

! V R-CKM pass through validation process i

1

; :

! 1

(Combined approach limitation)

Magbool HussainMuhammad Afzal, Taqdir Ali, Rahman WiajahatAli KhanArif JamshedSungyound ee, ByeongHo Kang, Khalid Latif; "Datliven knowledge acquisition, validation, and transformation into HE’ !raen gyntax , grug‘%&ce in Mealcme !E sevier, gE , !:!M‘lsﬁea =8n ine 5ct. 55!!!

Magbool HussainTaqdir AliwajahatAli Khan, Muhammad Afz&8ungyound ee, Khalid atif,;"Recommendationservice for chronic disease patient in muttbdel sensors home environment”, Telemedicine and EHealth (SCI, IF:1.6), ¥ae23, pp.18899, 2015



Solution1l: Process Model
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Solution1

Objectives Target Limitations

C Guideline base validation
C PM from patient data
C Refined sharable clinical knowledge

x Guideline support
x Validated knowledge

Outcome

V Guidelineenabledclinicalknowledgemodel¢ RCKM

R-CKM Validation

o’) Refined Clinical Knowledge Model
N // b R‘CKM

PHASE - Il




i Why CKM? 12
Solution-1; A Guidelinesare semistructured form @ecision
Clinical Knowledge Modeling (Phask tree and description so needs to unify to single
representation)and

A Guidelinesare too generic (hard to apply directly

— _ to practices)
@ Guidelines selection A CKMare easy to manage and make knowledge e

A NCCN and

A TNM for Cancer ° eXpI|C|t | S
o - ENTERPRISE
o0 e @L“CVJ"
Team Involved CKM
AOncologists
AResidents

011e3.2 [9pOoJN abpajmouy| [eaiul|d

AHIS Team
Anowledge
Engineers . .
Contribution
A Using Rigorous Inspection proce§s=——=|fw=| (= -
A Marked the guidelines to explicit the .
knowledge concepts |
A Mapped the concepts into decision tree (DT) = | [ =
formalism
A Treatment Plan for oral cavity tumor patlents A DTl’epresent maore eXp|ICIt|y the CliniCaI

knowledge compared to mingnaps




Solution-1: =

Clinical Knowledge Modeling (Phask: Rigorous Inspection process for CKM creation

Defining knowledge .. s : s : Guidelines verification and
9 9 = Clinical Guidelines Analysis | = Guidelines Refinements = T
representation formalism finalization
~[ KnowledgeRepresentation]— ~[ Structured ]— ~[ LocalEvidences }— ~[ Guideline Modeling ]—
AMark guidelines that meet clinical AMark decisiorpaths,candidate for AModel the guidelines in accordance
ASelect the knowledge representation objective refinement to selected formalism.
which is more intuitive ADraw the knowledge model AcCollect local evidences to support AProvides all associated mappings
AMark all decision paths for further refinement and translations
explicit knowledge. ARefine the paths for local evidences
~l Toolset }— ~l Narrations ]— ~[ Concepts Harmonization}a— ~[ Verification ]—
ASelect the toolset which is .best fit to AAnalyze concepts that are composite AVerify the guideline model from
the knowledge representation AAnalyze narrations for marked paths or having alternate meanings senior domain expert
schem(_-:- . AAnalyze the external evidences AEstablish mappings for composite AApprove or mark improvements
AGet trained domain experts on the ARevise the marked decision paths. concepts AFinalize the model as CKM after
toolset for knowledge AProvide translations for alternate approval
representation meanings

. A Chemolnduction

' A Decision Tree e . A Local practices (92%) | ' A CKM Model :
| A Suitable for explicit knowledge | 1 A Comorbities : : success for survival i A CKM in decision tree '
| A NCCN s sersiructured inDTs 1 1 A Added for explicit : : A Patient willingness ! ! form i
| A Enterprise Architect | 1 knowledge : (Co=|l A Localized decisionin | \ A Harmonization :
i A Support DTs. E """"""""""" ' : : addition tocomorbities, . A Mapping tables :
' A Provide XMI based sharing facilitie§ . A Palliativepatients: | ————— :

!

, A Stagelll or IV |



o Data preprocessing o ML algorithm selection

SOIUtion-l: HEE | CRT CHAID DFTree QUEST J48 | @
Prediction Model (PM) (PhasH) (1/2) OEEE) HIS @Y b

204 * Missing value patients (3)
Excl'uded’- ------- *» Consulted patients (200)
* Duplicate patients (1)

o 1977 patients * Clinical stage correction s
(130) 1229 patients ;
_.--7" = Clinical stage for missing . o Rank algorithm

e values (118) [Using PAR
o Clinical stage (118) [Using Tl
calculation Algorithm [ R A Ranking

* Patients excluded due to CHAID 71.00% 6 4 0.6975
Excluded - L0 ] incomplete treatment
* Increased performance of

decision tree algorithm QUEST 70.90% 6 13 0.6853
o 1229 patients (from 43% to 70%)
DFTree 70.10% 11 8 0.6773

148 68.90% 55 13 0.6040

m
RankingWsM-score — o Z(w,u;-,—],for i=123,..,m

=1
Here oc: 0.8 is scaling constant and a;; are attributes with weight w;

/-’ ay;  Accuracy(P) Number of rules (R) Attributes(A)
- w; 08 -0.1 -0.1

CRT 71.90% 9 13 0.6915

=
) . . .
L 0 Prediction model creation
o
@
[=p,
m
@ TR3
=
wv
o CHAID configuration Model Summary
e Specifications  Growing Method CHAID
Dependent Variable TreatmentPlanDesc
Independent Variables Clinical Stage T, Clinical Stage N, Clinical
R e Mo, N Stage M, Clinical Stage S,
Y(,QS Q QS Q ] DL W )hQS D ph"h)'f's m TreatmentintentDesc, PatientStatusDesc,
TreatmentStatus Desc, SmokingStatus,
o Executing CHAID PanStatus, NaswarStatus, AlcoholStatus,
”, N % v~ 7 T ow T\ e NS SR SO YA S £~ TR 7~ ) HistoDesc, GradeDesc
Qi WOMRQi w O acxEEER 6O@® LO0Wi MO 601 "QRD QIQQQO Validation Gross Valdation
~ o ~ ~ Maximum Tree Depth 3
e 6 T % N FTu R o T ey~ 1\ ey 7 ~
O Ww | LW a w@ |Q [0 ﬂ[ “(‘) (‘) i "Qdﬁé (‘) 'Qi Minimum Cases in Parent Node 100
, Minimum Cases in Child Node 50
U T[a.’ T[@ T@ Results Independent Variables Included | TreatmentintentDesc, Clinical Stage T,
Clinical Stage S, HistoDesc
Number of Nodes 10
Number of Terminal Nodes 6
Depth 3




Why PM? 15

SOI Ut|0n'1: A Domain experts want knowledge from real practices.

Prediction Model (p|\/|) (PhasH) (2/2) A The knowledge from pa_tient data imt__egrable directly to HIS
A PMrepresent real practices and easilgtegrableto HIS.

Contribution
Comprehensibility and Understandability of algorithm

Algorithm P R A Ranking gt

RankDecisionTreeAlgo
Input: DTAlgosList> CHAID 71.00% 6 4 06975 ke
Output:RankedDTAlogd.ist> CRT 71.90% 9 13 0.6915 I o
| \
LetaccuracyPR attributeA, numRulesRranking QUEST 70.90% & 13 0.6853 Torr ws s
ForEachdt in DTAlgos R
Begin DFTree 70.10% 11 8 0.6773 et pee 103
accuracyR: getDTAccuract) a8 65.90% 55 13 0.6040 Clica Soge T

numRulesR getDTNoRulddt)

1
2
3
4.
5. attribute A= getDTNoOAttributédt)
6
7
8
9
1

. . . Hode 4
ranking =Ranking"S\score(accuracyRattributeA , numRulesR gt %
RankedDTAlogs.afttt,ranking o S
Tatal 23 262 Total 464
. End L
0. ReturnRankedDTAlogs - = =
Clinical Stage 5 HistoDesc
12y I3y Iv (4) Sguamous cell carcinoma; Small c2ll - Mucospidermoid carcinoma; MA;
k= lenoid cystic

carcinomes; Basal cell carcinome;
Squamous cell cardname in situ;
Wetrucous carcinoms; Malionart
melanoms; Pleomorphic adenoms;
Spindle cell carcinoms;

A sloblastoma, malignant; Adenaid
souamous o2l cardnoms;
nasopharyTgeal cardnoms;
Sebacsous adenocarcinoma;
Sarcoma, not otherwise speciied;
Plasmacytoma, not otherwise specified

14-

O

SPNSTER RZSTE R QRTINS

Mode & Mode & Mol 9

Categ % Category % Categ %
=i=: =JIIFJIIf<> }*Jllfil O IZI-H-i }(} | | d v =<4 <> ECCRT 108 21 ECCRT  B7d 343 WcCRT 17
BRT 196 35 BRT 17.0 BT ERT 390 23
o 8 8 SRT BB 135 S RT 159 81 SRT £93 35
- Tatal 158 194 Tatal e 51 Tatal 48 359

Toolset




Solution-1: 16

Refined Clinical Knowledge Model after validation process (PhH}€L/5)

Why RCKM?
A R-CKMprovides refined knowledge which support

Validation Process

Step 1: Validation Criteria setting both Standard guidelines and Real practices data
Step 2: Conformance of decision path of PM A Consequently , evidence based knowledge which
Step 3: Refine and evolve decision path in@KRA is directlyintegrableto HIS omcany

Clinical Knowledge

paliative

RT Radiotheraphy

Validation Process Model (CKM) Cl:Chemolnducton
e . 3. N
. e
(XN :
“Car
“Mu
_______________________ :
! Set validation criteria I «DT_Decisions Clinical Stage
vahestor Prediction Model as;
! 6= forcmen) Step 1 (o)
1 et I TANDT12, N2-3T3, N1-3T4Any N
_:::::::::::::::::::_-_' € mrmmrm e T12NO
4 ) X e e T12N1
iIStep 2 Select next decision patn P, (&g 1 _ _ _ _ _ _ _ _ _ _ _ o0 - o
1 p from PM e I Al e nasophanieg
1 “Sebaceous ad =1
1 1} Step 3 S:Surgary s HistologyDescripion “Sarcoma, not otherwise specified” = 17
1 E] " 1 “Plasmacytoma, not otherwise specified” = 18
= (Yes) All P €
1 2 finished? 2% 1 1 A
= SE o Evolve R-CKM by adding {P;) 1 13 418
I s 1} 1 R C smuoweuolymorcm
1 = Refined Clinical Knowledge Model d d s 4
i = | ol oo Validate ENTERPRISE |
) ~ ™ -~
1 i { For each ¢ in C,, ) I: PN | mOdel ARCHITEC CinicalFinalStage { RT ar CRT ’ | cRT ’ [ s l
i c; is selected in order o 1 AT ENS ]
1 primery? ! o, JI| inspectingand refining (P)to | L
I = | oo |
1 s | |
= 1
1 A :: | . ) "2 S followed by RT :
1 Check ¢, for P . 1
| {Failed) ! primaryjy I i

8 ________N N T ’ [..,w] l o ]
J Contribution

A Decision path level conformance
A Conflict resolution

L Criteria of validation Process

2) 005 od=qito ME) 0 P}
2 JOnOv 1080 D » IaERN
9 fondrmbrsoir - Bo(BB)— T YYo0p

4) mONOOY IO NO O OD

o —




Solution1.:
Refined Clinical Knowledge Model after validation process (PRHABE2/5)

Rationale

Accuracy

Local evidences
(Context/Value)

{ 1 0~ 0 0g, }
—pdo @k o

Yes/1

Accuracy > 50%er
all decision path

Set validatiorcriteria

{cb w8 w }
0 a9 9
nnan
2 3
Conflicts Conformance

_____________________________________________________________________

Evidence

Sustain Integrity of
CPGs
(Quality care
provision)

{IGNGL‘JVJGN

60 Dp = Pu(GH
Yes/1

Chemalnduction
after Surgeryhas no
meanings

Conform to CPGs
(Quality care
provision)

L0 8OOy mp N
{6031&“ - ln(f}ﬁﬂ)}

—O0NYYBEOD
No/2

Treatment plans
following same
sequence to CPGs ar
conformed

Quality research
result
(Quiality care
provision)

my NG v 1D
60 DS ¢ & Q0 fll)
— o Mg®X

00 VR el |
NYYE O

No/3

Clinical Trails,
Systematic reviews,
Meta-analysis,
Expert opinion

Proposed criteria support »

Best practices

Context

Evidence
(Quality Care Provisio

Best Practices

Features
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Solution-1:

Refined Clinical Knowledge Model after validation process (PRHA}E3/5)

: Select nextA A A E@/ﬁtﬁ&
(@

from PM

R
Scln

- (R} D g
Co
g @ < finished? 3w
~ .8 g

5
i S _

@is For eacrlci) in 6
primary? »—>  (®@'Qi Qa Q&8s DVOY)

v QT

. wis
@09 90 Checkwforv —> primary?
(Odi 1)YQQ

1) PM Model Processing
i. Decision path processing
ii. Decision path metanformation
processing
2) Decision mth selection for
evaluation

1) Conformance criteria loading
2) Decision path evaluation
I. Primary criteria checking
ii. Non-primary criteriachecking
3) Forwarding passed decision path
for refinements

18

ConformancePMtoCKM
Input: PM, CKMCriteriaBankMap<keyCriteria List<Criteria>>
Output: Conformed:BooleafTrue/False)

1. LetdecPathPM:LisPMDecisionPath=PM.getDecPatf)

WhileCriteriaBank.isNotEmpf))
Begin

wnN

4, LetcriteriaList= CriteriaBank.getNekt

m

ForEacht in criteriaList
Begin

o

Conformed getConformanclt,criteriaLis}

If(!Conformed &sPrimarycriterialis})
breakAll

0. ElselfisNotPrimarfcriterialLis} )

1 breakAll

RB©®N

12. | End

13. End
14. ReturnConformed




Solution1.: 19
Refined Clinical Knowledge Model after validation process (Phl}k&4/5)
: Refine and evolvdecisionpath into RCKM
EvolveRCKM
. : : Input: P: PMDecisionPatistRefi tsList<Refi t
Select nexih A A EHE®D 1) Selection of candidate path in RCKM gst“put' Awrati atsiRetinementsList<Refinement>
> from PM 2) Evolving RCKM with newly refined
g decision path 1. Leti &'Q# 600 n,P:RCKMDecPath

\ T 2 R=R
- G y g
g @# firﬁ!h%& Gies 3. ForEachef inlistRefinements
o / ig a 4. Begin

ot Evolve RCKM by adding0 )
\l/ ©__ 5. | P.addrefinementgref)
1\ 6. | If0i ©Qar)
Ois For each®in & g E| rckm.addFirstPattP )
i LRI Qo Qdd DO < Mmoo . s¢€
primary? - —> (wQi Qa ] 0) M OPA C<D7 IAGEE®D Hd C 9. rckm.updatePatfiP )
_— V]
v %T 10. End
~ I 11. Returni @ Qd&
wis

7. ed 7 N,
Checkafor 0 > primary? __>.:q]j",

(@10 QQ . .
(Vi )QQ

1) Inspecting decision path
2) Defining refinements from CKM
3) Add refinements to decision path
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Solution1.:
Refined Clinical Knowledge Model after validation process (PhH}B€/5)

@

| Set validation criteria Conformance oflecision Refine andevolve
path of PM | decision path into RCKM
\ r \| 14 \| 14
Path'l Refinements: ANo refinements, and
* | AAdd path to RCKM

A (1)
ccurac
>50% / 1 @ 3

APalliative patients are

Accuracy: No Stage IlI/IV (90%)
92% conflict ART is secondary level
treatment for stage 111/IV
patient

N

ARO:Chemolnduction py
. Refinements: AFU is added for Stage | /
Path'z patients Q/D

If(TreatmentintentDesc= Palliative) 1 3
Path:1 TreatmentPlars RT @ @
N7.2
. ASRTi ded treatment
If(TreatmentintentDesc= Radical and ot all storo patients e
. Accuracy: No or all stage patients
Path:2 ClinicalStagdl = 1) 69.7% conflict ARadica(I patientsdma))/ have any
' ’ Stage (I,IL111, and IV
TreatmentPlars S RT Confo(r3r11ance ASo S RT is conformed. .i : ..@

~
=

Path:2.2
If(TreatmentintentDesc= Radical and Path:5
ClinicalStagd =3 or 4 and histology =
Path:5 10r2or 3 ARO:Chemolnduction
TreatmentPlars C CRT 1 4 |Refinements: Agol,sscl)rgaggrr%vgzﬂén o
CRT.
4
Eviile?nce APath 5 is not conformed to CKM
APhysicians provided local

Accuracy: NO_ evidences and published expert
67.1% conflict opinion for effectiveness.
ASo C CRT is kept irCRM.
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Solution-1:
R-CKM as Sharable Knowledge: MLMs (PhHbe

Maintainable knowledge with minimal number of MLMs
Limited MLMs reusability

Not feasible for large clinical models: errors prone ~ tb————=—~g——— T
T
-» Called by: Oral Cavity Treatment Event

«DT_Decisions Clinical Sage

I
I
MLMs are well traceable to clinical knowledge model TONOTIZ 23T NISTE AT N l}\‘_ F S ———
. - . . . ' T1-2 N0 OralCavityComplexLvl22
Duplication of shared logic: Multiple MLMs are invoked TITOW T I ¥’”* i
Independent MLMs: multiple requests for same data

Why Arden Syntax?

A R-CKM is only knowledge
representationg so called CPG (clinical
practice guideline)

A SoComputer Interpretable
Guideline(CIGYyepresentation is
required.

A Arden syntax is HL7 standard and
commercially used CIG scheme

r—_—_—_—_—~

Re-usability I
Modular approach: feasible for large |
clinical models

Single MLM invoke/event: Single |
request for data

Logic distribution among suLMs I
is challenging

IF{ (ProcedureEwentl.procedureCode = "™395077000" AZnd PreocedureEventl.procedureMethod = "27762005™) RND(
I {CbservaticnResultl.cbservaticnFocus = "385356007" And CkservaticnResultl.cbservaticnValue = "2335100&8") OCR
{CbservaticnResult2.cbservaticnFocus = ™385356007" And CbservaticnResult2.cbservaticnValue = "€76730038™)) il
THEN
HL7 Arden Syntax — |
—_— _— — _— — _— — _— — _—
. . 1 1 recPartl := new ProcedureEvent with "387713003";
V' Medical Logic Module (MLM) Multiple Independent Multiple dependent rect = new Recomendetions wich zecParel;
V VOCabulary (SNOMED) MLMS Wlth Sha”ng MLMS Wlth ROOt and recommendationlist := recommendationlist, recl;
V Data Model (HL7 VMR) ) nodes |og|c Sub-MLMs recPart2 := new E':ccedu*.:eEvem.: with "108290001";:
Smgle MLM rec? := new Recommendaticn? with recPart2:
recommendationlist := recommendationlist, rec2;
‘ ccnclude true ;

Knowledge
Engineering
Toolkit
Support

Candidate
MLM Selection




Results:

Comparison with Data driven approach

Medical Data
*SKMCH
N
~. -

Patient with completed treatments

V Cancer site: Oral cavity
V Patients: 1229

Quality of RCKM compared to PM

Oral Cavity

Completed
;wTreatment

&)
®
%
2.
%
@

Patient with incomplete treatments

Performancepreservance

V Cancer site: Oral cavity
V Patients: 739

* SKMCHShukatkhanumMemorial Cancer Hospital, Lahore, Pakistan

R-CKM

Evaluation

Oral Cavity

Incomplete
Treatment

Non standard practices
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Results & Evaluations:

Comparison with Data driven:Herformancepreserve and standard knowledge

CPERFORMANCE PRESERV}NC C NONSTANDARD PRACTICBS
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Results & EvaluationsfApproachi]

Comparison with Combined approachipn-validation VS Validatioh
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CKM attribute

abctuvy

CKM

x Investigate decision path in PM which is not in CKM
x Extend CKM for missing decision path

Final Knowledge Model

Patient data attribute

a,b,ctdny

CKM attribute
1 a,b,c tuyy }

Patient data attribute

{ a,b,ctdny }

L|mitations of existing approach

PM
CKM v

x Investigate each decision path in PM and apply conformdg

NCE

C No validation to extension of path in CKM
C Final Knowledge Model is naittegrable

AOO6 EO
as refinements.
AovoAlAA

[ A—:KM'D ldbélntel'grétﬂ'ialhs 2

¥ x Extend PM to RCKM after conformance and refinements




Cc4.5 pruned tree 25

ReS u ItS & Eval u ati O n iAp p ro aC h I] 'lrreatmentxntentnescription = Radical

. . . . . . . Clinical3tages = I (1)
Comparison with Combine approachprn-validation vs Validatiof

| @rdDescription = NA: RT (26.0/7.0)

| GrdDescription != NA&: S RT (35.0/17.0)

ClinicalsStages != I (1)

| ClinicalStagesS = II (2): 8 RT (132.0/40.0)
ClinicalStages != II (2)

I

|

I

Algorithm: C4.5 (with accuracy 69.7% ) |
Dataset: 1229 ( H&N cancer dataset of SKMCH) |
Guideline: NCCN !
Total decision paths: 23 |
I

I

I

I

I

I

I

I

I

I

Adencid cystic carcincma: S RT (15.0/7.0)
= Rdencid cystic carcinoma
: 3 RT (44.0/18.0)

I
| | HistologyDeacription =
| HistologyDescription !
| Clinicals3tageT = 2
| Clinical3tageT != 2

| | HistologyDescription = Mucoepidermoid carcinoma: 3 RT (5.0/1.0)
| HistologyDescription != Mucoepldermcid carcincoma

| | HisztologyDescription = N&i: 5 RT (4.0/1.0)

I

I

I

I

I

I

I

I

I

1

/3.0)
| | | | | | | | | | I | | PatStatusDesc != On treatment
Conformance Issue { | I | | | I I | | | | | | | | Treat3tatusDesc = Complete: C CRT]

(
|
|
ACCURACY CONFLICT/CONFORMANCE OVERALLCRITERIA (1258.0/51.0)
|
(

|
| [
| [
| [
| [ |
| [ |
COMPARISON OF VALID DECISON PATHS H Proposed M Existing | [ | |  HistologyDescription != NA
1 | | | ] HistologyDescription = Adenccarcinoma: RT (3.0/1.0)
| | | | | HistologyDescription != Adenccarcinoma
Accuracy: 50%{ | | | | | | HistologyDescription = Malignant melanoma: RT (4.0/’2.0}}
" | [ | [ | | HistoleogyDescription != Malignant melanoma
Q\° - | | | | | | | ClinicalStageT = 1: 3 RT (11.0/4.0)
(N\) | | | | | | | ClinicalStageT = 1
0) | | | | | | | | HisztologyDescription = Sguamcus cell carcinomsa
Conformance Issue { | | | | | | | | | Llcohol = ¥es: C CRT (&.0) }
w 1 1 I I 1 1 1 I I Tl T s 11— =r— -
- Conformance Issue and | . . B . ,
Accuracy: 47% { | | | | | | | | | | | | GrdDescription = NA: C CRT (15.0/10.0) }
| | I | | | | | | | | | GrdDescription = NA
Conformance Issue { | | | | | | | | | | | | | TreatStatusDesc = Incomplets: C CRT {29.0/4.0}}
| | | | | | | | | | | | | TreatStatusDesc != Incomplete
I I 1 [ I I 1 I I I 1 I I I ~1irmim~a]l SFoeal = N
Conformance Issue and| - i
Accuracy: 45% { | | | | | | | | | | I | | | | GrdDescription = Poor: O CRT [ll-'C'/E.CI}}
| | | | | | | | | | | | | | | GrdDescripticon != Poor
Conformance Issue { | | 1 | | | | | | | | | | | | | Pat3tatusDesc = On treatment: C CRT}
L0/3.0
| |
|

Accuracy: 40% | | | | | | | | | | | | | | | | TreatStatusDesc != Complete: RT}
10.0/6.0)
i L o Conformance Issue {I | 1 | | | | | | | | | | | ClinicalStageN != 0: C CRT (120.0/29.0) }
SIX (6) deC|S|On Seven (7) deC|S|0n TWO(Z) deC|S|on | | | | [ | | | | | HistologyDescription != Sguamcous cell carcinoma
| | | [ | | | | | | | Smoking = Neo (None)
pathshave pathsare not pathsare not l 1 & 1= | 1 I 1 I 1 | | PatstatusDesc = Alive with disease: RT (2.0)
| | | [ | | | | | | | | PatStatusDe=c != Llive with disease
Iower accuracy Conformed Conformed and | | | | | | | | | | | | | Pat3tatusDesc = Alive: 38 RT (2.0/1.0)
H Accuracy: 50% 1 | | | | | | | | | | | | | PatStatusDesc != Rlive: RT (2.0/1.0)
than the haVIng Iower Accuracy: 50% { | | | | | | | | | | | Smoking != No (None): C CRT (4.0/2.0)
targeted aCCuraCy TreatmentIntentDescription != Radical: RT (133.0/10.0)
| Mumber of Leaves . 53

Size of the tree : 45



Results & Evaluationsipproachill]

Comparison with Combined approachipn-validation VS Validatioh

CKM attribute CKM, attribute
{ a,b,ctuvy } {a,b,c,t,d,n,y;}

Key Validation Process

x Combine all decision paths (Union)
x Revise (if resolution exist) decision paths

with conflicting decision
x Conformance = Conflict

L

Limitations of existing approach

C Final Knowledge Model is not
integrable

C Conflict resolution only depends on
limited evidence.

26
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Results & Evaluations: [Approadt] T amiizzes ==

| GrdDescription = N&: RT (26.0/7.0)

Comparison with Combine approachprn-validation vs Validatiof |  GrdDescription != NA: S RT (95.0/17.0)
Clinical3tages != I (1)
| ClinicalStage3 = IT (2): S RT (132.0/40.0)
Algorithm: C4.5 (with accuracy 69.7% ) ClinicalStages != II (2)

HistoleogyDescription = Adencid cystic carcinoma: S RT (15.0/7.0)
HistologyDescription != Adencid cystic carcinoma
ClinicalStageT = 2: 5 RT (44.0/18.0)
ClinicalstageT != 2

HistologyDescription = Mucoepidermoid carcinoma: S RT (5.0/1.0)
HistologyDescription != Muccepidermeoid carcincoma
HistologyDescription = Ni: 5 RT (4.0/1.0)

Dataset: 1229 ( H&N cancer dataset of SKMCH)
Guideline: NCCN
Total decision paths: 23

| ClinicalStageN = 0

——

| | GrdDescription = Poor: C CRT {11.0/6.0”
| | GrdDescripticon != Foor
| | | PatStatusDesc = On treatmsnt: C CRT}

[
[
[ I
[ I
[ I I
COMPARISON OF VALID DECISON PATHS | 1 | HistologyDescription != Na |
| | | | HistologyDescription = Adenccarcinoma: RT (3.0/1.0)
m Proposed W Existing [ | | | HistologyDescription != Adenccarcinoma
| | | | | HistolegyDescription = Malignant melancma: RT (4.0/2.0)
H . [ | | | | HistoleogyDescripticon != Malignant melancoma
ConﬂICt |SSU6 [ | | | | | ClinicalStageT = 1: 3 RT (11.0/4.0)
Revised with CRT | [ [ |  clinicalStageT != 1
| | | | | | | | HistologyDescription = Sguamcus cell carcincoma
{ Lo Alcohol = Yes: C CRT (6.0) }
| | | | | | | | Llcohol != Yes
{ | | | | | | | | GrdDescription = NA: C CRT (15.0/10.0) }
| | | | | | | | GrdDescription != NA
{ [ | | | | | | | Treat3tatusDesc = Incomplete: O CRT {29.0!4.0}}
| [ | | | | | | TreatStatusDesc != Incomplete
| [ I I | | I |
| [ | I | | | |
| | I I | | I |
| | | I | I | |

——

el N R S S ——

I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
.0
I
I

(14.0/3.0)
| [ | | | | | | | | | | | | PatStatusDesc != On treatment
{ | I | | | | | | | | | | | | | TreatStatusDesc = Complete: C CR#
(128.0/51.0)
| | | [ | | | | | | | | | I | | | TreatStatusDesc != Complete: RT
{(10.0/6.0)
{ | | | | | | | | | | | | | | ClinicalStageN != 0: C CRT (120.0/29.0) ]
| | | | | | | | | | HistologyDescription != Sguamocus cell carcincma
| | | [ | | | | | | | Smoking = No (None)
ACCURACY CONFLICT/CONFORMANCE | | | | | | | | | | | | PatStatusDesc = Alive with disease: RT (2.0)
| | | [ | | | | | | | | Pat3tatusDesc != Llive with disease
iSi | | | [ | | | | | | | | | Pat3tatusDesc = Alive: & RT (3.0/1.0)
6/23 decision paths 1/8 non-conformed | | I | | | | | | | | | |  Pat3tatusDese != Rlive: RT (2.0/1.0)
havelower accuracy th havi { 0 0 01 0 1 1 1 1 I 1 | smoking !=No (None): C CRT (4.0/2.0) }
than the tar eted pa S was aVIng TreatmentIntentDescripticn != Radical: RT (133.0/10.0)
g [ pub||3hedproved I
Number of Leaves : 23

evidenceto consider Size of the tres : 45



Contributions of Solutiorl

Solution1

Objectives Target Limitations

C Guideline base validation

C PM from patient data

C Refined sharable clinical
knowledge

x Guideline support
x Validated knowledge

Outcome

V Guidelineenabledclinicalknowledgemodel¢ RCKM

e 1.0 by st {7,

PHASE - Ill

How to verify that:
Validation process is consistent to produce consistent knowledge model

Contributions

V Validation process for clinical knowledge mod 4

V  Guideline enabled knowledge modeR-CKM

28




Solution2: Process model

-

@ Z Formal Notations

Why Z for KB verifications?

V Easy Knowledge Modeling
x Knowledge decomposition
x Static feature modeling
x Dynamic feature modeling
V Data-rich formalism
x Types: primitive contents
x Free Types: Complex
semantics
x Axioms and Schema:
Complex semantic with
constraints
V Tool support
V Concrete design
V Auto code generation

Solution-2

Objectives

C Formal modeling
C Formal verification of validation
process and f&&KM

Outcome

29

Target Limitations

x Inconsistency in knowledge
and validation process

V Provingconsistencyof validationprocessesand RCKMby eliminating

inconsistenciesisingformal method

DEFINING FUNCTIONS
ANDMODELs STATE

CoreContribution

o ~

Initialization
Types Theorem

Models State (Provide proof of initial
(Define states for each model state of model)

Operations
(Define operations on modgl

(Define primitive types)

which have operations)
Models Preconditions

(Define modelausing

: (Calculate preconditions
axioms andschemas)

from operational schema)

REFINE SPECIFICATIONS
FOR CONCRETE DESIGN

Data and Func

Refinement
(Refine models for data types
and functions to reflect
concrete design

Future Work




REFINE SPECIFICATIONS
DEFINING FUNCTIONS FOR CONCRETE DESIGN 3 O
AND MODELs STATE

Solution-2: Processnodel

Formal Verification of Validation process

Validation Process

4 N\ MODELING PROBLEM PROVING CONSISTENCY

EvolveRCKM
CKM > A RetrievePM
A RetrieveCKM | B
A PMPathValidation | RCKM
PM > A AddPathRCKM
- J
Problem Modeling Model States Proving Consistency
R-CKM > EvolveRCKM @ INitR-CKM
AddPathRCKM |8 - —— R/ YaQ »  PreAddPathRCKM
O
PMPathValidation g'
CKM > RetrieveCKM %
£l
; 9
PM > RetrievePM :




Solution-2:

Modeling problem: Models (CKM)

Oral Cavity

-

Declarations

«Pre-condition»
{Depend on: Age, Tumar
Size, Involvement of
Sourounding struct, Fixity}

S

§e)

X

T3NO;T1-3N1-3;T4a,Any N <

«DT_Decisions Medical
‘Comorbities found OR
Patient is not willing

Predicates

Pathology Staging

FU:FollowUp

|

Adverse Features: (+)
node( N1, >2b; T1-2)

~

«DT_Decisions
Resedual
Disease

A

Declarations

A

redicates

A

AL

hYd

N/

REFINE SPECIFICATIONS
FOR CONCRETE DESIGN

DEFINING FUNCTIONS
IND MODELs STATE

31

MODELING PROBLEM

decisionPathConditionCKM : F ConditionKMs
ConclusionCKM : F TreatmentPlan
decisionPathCKM : ConditionKMs + TreatmentPlan

PROVING CONSISTENCY

Condition part of one decisigrath can include conclusion
as condition

decisionPathCondition CKM = dom decisionPathCKM

ConclusionCKM = ran decistonPathCKM

(ran ConclusionCKM N ran(dom decisionPathCKM)) C ran decisionPathCondition CKM
head (dom decisionPathCKM ) ¢ ran ConclusionCKM N ran decisionPathCondition CKM

__ ChnicalKnowledgeModel
CKM : P decisionPathCKM
gutdelines : decistonPathCKM — ClinicalObjectives
rootCKM : seq Condition

Root condition of decisigpath must be condition

Conclusion of one decisipath can be condition f
another decision path.

CKM = dom guidelines
Vdp : decisionPathCKM | dp € CKM ®  pj gecision paths must have no conclusion in first condition
head (dom dp) ¢ ran ConclusionCKM N ran decisionPathCondition CKM
Jdp : decisionPathCKM § dpy : decisionPathCKM | dp, dpy € CKM e
last (dom dp) = ran dp; < dom dp; = dom dp \ last (dom dp)

rootCKM =V dp : decisionPathCKM | dp € CKM o ((((ran(dom dp))) o\ o+ ox immm—




REFINE SPECIFICATIONS
FOR CONCRETE DESIGN

DEFINING FUNCTIONS
AND MODELs STATE

32
Solution2: " .
Functions and Model States: (RCKM) o

MODELING PROBLE ENCY

RCKM evolution function:

A Pass validation criteria for each PM path
A Add to RCKM path after refinements

-{ EvolveRCKM = PMPathValidation N AddPathRCKM }

4 __ PMPathValidation
Refined Clinical Knowledge Model
dppm? « dectsionPath
Input: qualifiedAcc? : Z
A Decisiorpath of PM Criteria]  emmmcmmm| | dp,,,? € PM A decisionPathAccuracy(dpym?) > qualifiedAcc?
AQuaIified accuracy for Vi1, to : treatmentSet | t1, ta € ran(ran(dpy,?)) A TreatmentPlan™(t1) > TreatmentPlan™(t;) e
Qi o Fdpem : decisionPathCKM; ts, ty : treatmentSet | dpexm € CKM,
ggzz;ﬂgjgzgy e & Crileria2  emmmC— ts, t4 € (ran(dom(dpckm)) N ran( ConclusionCKM)) U ran(ran(dp gy, )) ®
_ (t3 = t1 Aty = t2) = TreatmentPlan™ (t3) > TreatmentPlan™ (1)
Output: (decPathEvidences(dpym?) # 0 V B
ATrge: passed / False: 3 dpem : decisionPathCKM | dperm € CKM o
Failed Criteria3, 4 e mm—| < (ran(dom(dpym?)) C ran(dom(dpekm)) = >
ran(ran(dpym?)) C
(ran(dom(dpckn, ) N ran( Conclusion CKM)) U ran(ran(dpcgm,)))
J




REFINE SPECIFICATIONS
DEFINING FUNCTIONS FOR CONCRETE DESIGN
AND MODELs STATE

Solution-2:
Proving Consistency: (Initialization and Precondition Theorem)

MODELING PROBLEM PROVING CONSISTENCY

{El ReﬁnedC’linicalKnowledgeModel’ ° ImtRCKM} {pre AddPathRCKM = 3 ReﬁnedC’linicalKnowledgeModel’ L AddPathRCKM}

Initialization Theorem states:
There exist initial state of schema for which
the model must be consistent

Preconditions Theorem:

A Proofs for simplifyingddPathRCKMperation for
pre-condition

__ InitRCKM
Refined ClinicalKnowledgeModel' — pre AddPathRCKM
—— RefinedClinicalKnowledge Model
accuracyRCKM' = 0 o, ionD
RCKM' — () dppm? : decisionPath
refined CKM' = () qualifiedAcc? : 7
rootRCKM' =) refinements? : F Refined TreatmentPlan

refinedCKMsAccuracy’ = 0
decisionPathRCKM' = ()
decisionPathConditionRCKM' = (8 . ..
C?(f;izlz?;io(:aR C?A;’ zinﬂ 3 Refined ClinicalKnowledgeModel’; rckmPath! : decisionPathRCKM e AddPathRCKM
decPathRCKMAccuracy’ = 0
evidences' =)
decPathRCKMEvidences' = ()




Results

Consistency of validation process and model

Model consistency

Model operation consistency

Initialization
Theorem Proof

Precondition
Theorems Proof

R-CKM

Evaluation

Formal verification of validation process and model

34



Results:
Formally verified Validation Process

Additional criteria of validation Process

v

RCKM # 0 = head (dom dppm?) = rootRCKM
¥ pos : N | pos € dom refinements? o pos > 1 A

pos < (#(dom dpym?) + #(ran dppm?))
ran(dom rckmPath!) C ran decisionPathConditionRCKM
ran(ran rckmPath!) C ran Conclusion RCKM
(ran(ran rckmPath!) Nran decisionPathConditionRCKM ) C

ran decisionPathConditionRCKM
0 < decPathRCKM Accuracy(rekmPath!) <100
head (dom rekmPath!) ¢ ran ConclusionRCKM (M ran decisionPathConditionRCKM
Jdp : decisionPathRCKM | dp € RCKM e

dom rekmPath! = dom dp \ last (dom dp) = last (dom dp) = ran rckmPath!
dom rckmPath! = 3 popyy, : decisionPathCKM | popy € CKM @

dom(ppym?) U dom pg,

J

5

g

-

Validation Process (Formally verified)

Set validation criteria

(1€ Cy

Co {Pﬂ-’z "'Pn}

v

Evolve R-CKM by adding (F})

h

»

All e; checked
for P

¢ Check ¢; for
Select next decision path 7; . = P;
from PM ) 2
w
3
; - ¢ 1
E
’é‘ @ (Yes) All P; ‘;é o
= finished? S 5 Foreach g; in E,
ol
l = T
¢ ls For each ¢; in C, Set evolution criteria
primary? ~—  (c; is selected in order of p;) E,=f{e, e " ea)
| I 51 i
o
2
Check . for rif:jl;s ) :’:é:\ Refining (P;) to () with
(Failed) P, ' (Passed) primaty: oS refined treatment ¢;

N

/

~

35

Clinical Knowledge
Model (CKM)

<

PM
€ e

Refined Clinical Knowledge Model
R-CKM

&

@ w @ ( Nine(9) criteria after refinements)




Results:
Comparison of formally verified validation process
R-CKM Validation

Validation Process

O

Set validation criteria

€1€2.uCn
o= {P1P2---Pn}

Select next decision path P; _'a.
.

from PM
. ]
_ (Yes) All P, S A
< finished? £%
g inished? SE Evolve R-CKM by adding (P;)
<
E
=
o is Foreach¢; inC,
prin;ar 2 (c, is selected in order of p‘)
v Inspecting and refining (P;) to
= (P))
=
;s T,
Check ¢; for P; . rimary? £
{Failed) ' : primary S

-

{Passed)

Clinical Knowledge

Model (CKM)

.
AR | ® i.
(X}
Prediction Model
(PM)

Refined Clinical Knowledge Model
(R-CKM)
[
® @
seo 0

Criteria of validation Process

{V P; € PM: Accuracy(P;) > N%}
{V P, € PM ~ VP, € CKM : Conflict(P,,P;)}

CNEENEENEY

{EIPI-EPM"‘ VF; € CKM :

yields
{v P, € PM * 3P, € CKM: Conform(P;, P;)— P; € A RCKM }

provide . . yields
! Conform(P;, P;)—— Evidence(P;) * Evidence(P,)——P; € A RCKM}

MagboolHussairS i @ ' f 53835t 2LIYSyid CNIYSs2N]

T 2 NJ AtHcaf IntslligecyEistiEey SOIF8.97), (hblel revie® QOLE) A 2 y

P

Validation Process (Formally verified)

36

Formally verified RCKM Validation

N

7

Evolve R-CKM by adding (P;)

LA

Prediction Model
PM!

<« ®
Set validation criteria UL
C= [0S0 5 e
v T A pap2 - Pa 2
g o
t
— it R-CKM
y ] Check g; for
Select next decision path P; . = e P ->
—
from PM B 2
: T
' — g
= =
| =
7 (Yes) All Py Ew
= o finished? S5 Foreach e in E,
R
l = T
cpis Foreach¢; inC, Set evolution criteria
primary? »—  {c; is selected in order of p;) E.={e; e * @n}
l =
3
s L Refining {P;} to (P;) with
L Checke; for"s—p ¢ primary? y—pi b — 5 ; !
{Failed) P, ! primary? \‘_“_,' refined treatment t;

{Passed)

\ /.
'

aeau

Additional criteria of validation Process

RCKM # 0 = head (dom dpypm?) = rootRCKM
Vpos : N | pos € dom refinements? e pos > 1 A
pos < (#(dom dp,,,7) + #(ran dpp,, 7))
ran(dom rekmPath!) C ran decisionPathConditionRCKM
ran(ran rekmPath!) C ran ConclusionRCKM
(ran(ran rekmPath!) N ran decisionPathConditionRCKM ) C
ran decisionPathCondition RCKM
0 < decPathRCKMAccuracy(rekmPath!) < 100
head (dom rekmPath!) ¢ ran ConclusionRCKM M ran decisionPathConditionRCKM
Fdp : decisionPathRCKM | dp € RCKM o
dom rekmPath! = dom dp \ last (dom dp) = last (dom dp) = ran rekmPath!
dom rekmPath! = 3 p.py, : decisionPathCKM | pegm € CKM ®
dom(pp,,?) U dom pepm,

Magbool HussainTaaqdir AliwajahatAli Khan, Muhammad Afz&8ungyound.ee, KhalidLatif,:"Recommendationservice for chronic disease patient in mutibdel senso