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Background and Motivation

Hospitals

« Evidence is missing (from standard guidelines)
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¢ Guidelines are not directly integrated into HIS /
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« Difficult to validate guidelines from practice
datasets
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Medical Knowledge acquisition in General

Guideline-based knowledge acquisition

Clinical Knowledge Model
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Medical Knowledge acquisition Requirements and Scope of the Proposed work
Knowledge Transformation in general
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Problem Statement

# Knowledge acquired from patient data (Data-driven) is considered non-standard and non-validated,

Knowledge acquired from CPGs (Guidelines) is generic and non-integrated into real healthcare workflows.

Methodology that exploit real practice dataset (EMRs) for recommendation model and leverage CPGs for

validating it for refined standard recommendation model.

Challenges

How to establish validation criteria that align diverse knowledge resources into

standardized knowledge acquisition model.

How to verify that validation methodology is consistent and its applicability

will result in validated and consistent knowledge acquisition model?




Research Taxonomy
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Related Work

Catego Research Guidelines Data-driven Knowledge Validation Formal Verification Standard Vocabulary  Sharable Knowledge
gory Work Support Support (patient-cases) support Rep.
Peleg [8] v X X X X v
Guideline base Knowledge Serban [9] v X X v v x
acquisition Shalom [14] v X X v X v
Miller [15] \'} X \' X X \'
Data-driven knowledge Perera [11] X v v X X X
acquisition
Gomoi [12] X \'} \' X X \'
Toussi [13] v ' X X X X
Data-driven and Guideline for
knowledge acquisition Proposed v ' \' \' \' \'
Approach
@  Knowledge is non-integrated into healthcare #  Knowledge is not-supported by guidelines. #  Knowledge acquired from data which is missing
workflows #®  The methods are lacking formal in guidelines is not-supported by guidelines.
#  Not properly validated against patient cases verification process @  Lack of proper validation



Proposed Methodology —

Solutions Objectives

Solution-1

Guidelines Enabled Data-Driven Knowledge e I
Acquisition and Validation Methodology

Limitations

* Use clinical guidelines for
validating knowledge acquired
from real practices dataset

* Use patient dataset for

- knowledge acquisition to

reflect real practices
ﬁ Knowledge is non-integrated into healthcare workflows \_ )

Not properly validated against patient cases

#® Knowledge is partially/completely not-supported by

guidelines. VaIidation process for refined clinical knowledge model
0 Refined Clinical Knowledge Model

Solution-2

Formal Verification Model Using Formal Methods * To verify the knowledge

acquisition and validation is
consistent

0 Formal verification of validation process
Q Formal models for knowledge models and validation

The methods are lacking formal validation process

0 Formal proofs for consistency theorems - J

The methods are not unified in formal development process framework Smart CDSS Development Framework

Magbool Hussain, Muhammad Afzal, Taqdir Ali, Rahman Ali, Wajahat Ali Khan, Arif Jamshed, Sungyoung Lee, Byeong Ho Kang, Khalid Latif; "Data-driven knowledge acquisition, validation, and transformation into HL7 Arden Syntax", Artificial Intelligence in Medicine (Elsevier, SCI, IF:2.03), published (Online Oct, 2015
Magbool Hussain, Taqgdir Ali, Wajahat Ali Khan, Muhammad Afzal, Sungyoung Lee, Khalid Latif,;"Recommendations service for chronic disease patient in multi-model sensors home environment", Telemedicine and EHealth (SCl, IF:1.6), Vol. 21 Issue 3, pp.185-199, 2015
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Conceptual representation of Proposed Methodology
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1 Solution 2
I % Using formal verification to ensure validation process
consistency which ultimately;
v Enhance validation process for completeness
v" Produce valid R-CKM

:Solution 1
1% Using rigorous validation process to create R-CKM to
I overcome limitation of
v Valid and conformed final model from
guidelines - (Data-driven limitation)
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Magbool Hussain, Muhammad Afzal, Taqdir Ali, Rahman Ali, Wajahat Ali Khan, Arif Jamshed, Sungyoung Lee, Byeong Ho Kang, Khalid Latif; "Data-driven knowledge acquisition, validation, and transformation into HL7 Arden Syntax", Artificial Intelligence in Medicine (Elsevier, SCI, IF:2.03), published (Online Oct, 2015
Magbool Hussain, Taqgdir Ali, Wajahat Ali Khan, Muhammad Afzal, Sungyoung Lee, Khalid Latif,;"Recommendations service for chronic disease patient in multi-model sensors home environment", Telemedicine and EHealth (SCl, IF:1.6), Vol. 21 Issue 3, pp.185-199, 2015



Solution-1: Process Model
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Solution-1

Objectives Target Limitations

UGuideline base validation
UPM from patient data
URefined sharable clinical knowledge

+»*Guideline support
+»+Validated knowledge

Outcome

v’ Guideline enabled clinical knowledge model — R-CKM

R-CKM Validation

.-".\Q Refined Clinical Knowledge Model
N // b R'CKM

PHASE - Il




. Why CKM? 12
Solution-1: * Guidelines are semi-structured form (decision
Clinical Knowledge Modeling (Phase-lI) tree and description so needs to unify to single
representation) and
 Guidelines are too generic (hard to apply directly
to practices)
@ Guidelines selection * CKM are easy to manage and make knowledge o
- NCCN and explicit v
* TNM for Cancer
E -~
e ENTERPRISE
CKM

Team Involved

Pathology Staging

Pathology Staging

o
=)
8
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*Oncologists o

*Residents rEF

*HIS Team o

*Knowledge B e

Engineers < . .
W Contribution
(D [d [ [
=y * Using Rigorous Inspection process
g_ *  Marked the guidelines to explicit the
S knowledge concepts L
«  Mapped the concepts into decision tree (DT) | = |
formalism
» Treatment Plan for oral cavity tumor patients * DT represent more EXpliCitly the CliniCaI Elb ZEZZL“M

knowledge compared to mind-maps
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Solution-1:

Clinical Knowledge Modeling (Phase-l) : Rigorous Inspection process for CKM creation

* localized decision in
addition to comorbities

knowledge

* Support DTs.

* Provide XM based sharing facilities 4

Defining knowledge . s , 0 : Guidelines verification and
g. g. = Clinical Guidelines Analysis = Guidelines Refinements = T
representation formalism finalization
‘[ Knowledge Representation ]— ‘[ Structured ]7 ‘[ Local Evidences ]7 ‘[ Guideline Modeling ]7
* Mark guidelines that meet clinical * Mark decision paths, candidate for * Model the guidelines in accordance
* Select the knowledge representation objective refinement to selected formalism.
which is more intuitive * Draw the knowledge model * Collect local evidences to support * Provides all associated mappings
* Mark all decision paths for further refinement and translations
explicit knowledge. * Refine the paths for local evidences
‘l Toolset }7 ‘l Narrations ]7 ~[ Concepts Harmonization }7 ‘[ Verification ]7
* Select the toolset which is best fit to * Analyze concepts that are composite * Verify the guideline model from
the knowledge representation * Analyze narrations for marked paths or having alternate meanings senior domain expert
scheme * Analyze the external evidences * Establish mappings for composite * Approve or mark improvements
* Get trained domain experts on the * Revise the marked decision paths. concepts * Finalize the model as CKM after
toolset for knowledge * Provide translations for alternate approval
representation meanings
e , Bt * Chemolnduction |
. T
* Decision Tree | e e e : a * Local practices (92%) 1 « CKM Model
* Suitable for explicit knowledge E * Comorbities | e success for survival : s CKM in decision tree
* NCCN is semi-structured in DTs '+ Added for explicit || [ ™ | * Patient willingness | form
! ! |
1
1
i

1
1
1
1
1
1
1
. * Harmonization
i_ * Mapping tables

* Palliative patients: I
. Stage lll or IV !

:
1
1
« Enterprise Architect !
1
I
1




o Data preprocessing o ML algorithm selection

SOIution-l: ﬂﬁ | CRT CHAID DFTree QUEST J48 | @
Prediction Model (PM) (Phase-Il) (1/2) (1) ,2eiem ) HIS 1) Applying agorithm

204 * Missing value patients (3)
Excl'uded’- ------- *» Consulted patients (200)
* Duplicate patients (1)
o 1977 patients » Clinical stage correction -
(130) 1229 pati
.- atients .
T = Clinical stage for missing P 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

Exciudedo-— ------ 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

Prediction model creation

sjuaned 6ZZT

N

o CHAID configuration Model Summary
B Specifications ~ Growing Method CHAID
’ Dependent Variable TreatmentPlanDesc
Independent Variables Clinical Stage T, Clinical Stage N, Clinical

m
Stage M, Clinical Stage S,
RankingWSM—SCOTe = Z(W.ai .), fo’r i=1,23,..,m TreatmentintentDesc, PatientStatus Desc,
ety TreatmentStatus Desc, SmokingStatus,
j=1 o Executing CHAID PanStatus, NaswarStatus, AlcoholStatus,

. . . . . HistoDesc, GradeDesc
Here «: 0.8 is scaling constant and a;; are attributes with weight w;

Validation Cross Validation
Maximum Tree Depth 3
.. . Minimum Cases in Parent Node 100
al] Accuracy (P) Number Of rules (R) Attrlbutes (A) Minimum Cases in Child Node 50
W] 0.8 - O. 1 —_ 0 . 1 Results Independent Variables Included | TreatmentintentDesc, Clinical Stage T,
Clinical Stage S, HistoDesc
Number of Nodes 10
Number of Terminal Nodes 6
Depth 3
e _____________________________________________|] I



Why PM? 15

SO I Ut ion- 1 . * Domain experts want knowledge from real practices.

Prediction Model (p|v|) (ph ase-| |) ( 2 / 2) * The knowledge from patient data is integrable directly to HIS.
* PM represent real practices and easily integrable to HIS.

PHASE - Il

Contribution
Comprehensibility and Understandability of algorithm

TreatmertP lanDe sc

Categary % n

326 4
Algorithm P R A Ranking gt
RankDecisionTreeAlgo b
Input: DTAlgos<List> Bl 71.00% £ - o675 77 Treetmertirtentiese
Output: RankedDTAlogs<List> CRT 21.90% 9 13 0.6915 I .
Mode 1
Let accuracyP, attributeA, numRulesR, ranking QUEST 70.90% 6 13 0.6853 Foe
ForEach dt in DTAlgos S
Begin DFTree 70.10% 11 8 0.6773 o manem
accuracyP = getDTAccuracy(dt) a8 68.90% 5 13 0.6040 J .

34

numRulesR = getDTNoRules(dt)

1

2

3

4.

5. attributeA = getDTNoAttribute(dt) [
6 1
7

8

Mode 3 Mode 4 Mode 5
ranking = Ranking"WsV-s<ore (accuracyP, attributeA , numRulesR ) glstemny %o |_Camay % o glstmen %1
RankedDTAlogs.add(dt,ranking) | | NS Srh e

Total 164 198 Total 213 262 464 570

.

Total

9. End

10. Return RankedDTAlogs - El =
Clinical Stage & HistoDesc
ez I3y Iv (4) Sguamous cell carcinoma; Small c2ll - Mucospidermoid carcinoma; MA;

carcinoma; Carcinoma NOS Agdenocarcinom &; Adenoid 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

m
Ranking"sM-score — o » (w;ay), fori=1,2,3,..,m
=

Here «: 0.8 is scaling constant and a;j are attributes with weight w;

Mode & Mol 9
Category % n Category % n
{aii Accuracy(P) Number of rules (R) Attrlbutes(A)} TR s s
SRT 159 81 SRT £93 35
w] 0 8 _0 1 _0 1 Tatal 416 511 Tatal 48 59

Toolset




Solution-1:
Refined Clinical Knowledge Model after validation process (Phase-Il) (1/5)

Validation Process

Step 1: Validation Criteria setting
Step 2: Conformance of decision path of PM
Step 3: Refine and evolve decision path into R-CKM

Why R-CKM?

* R-CKM provides refined knowledge which support
both Standard guidelines and Real practices data

* Consequently , evidence based knowledge which
is directly integrable to HIS

Oral Cavity

PHASE - Il

Treatmentinient

°

16

-~ -
94 b radical paliative
Clinical Knowledge >
Validation Process Model (CKM) Cl:Chemolnducton RT Radiotheraphy
[ X ] =N

“squamous cel carcinoma” = 1
small cell carcinoma’ = 2
“Carcinoma NOS” = 3
“Mucoepidermoid carcinoma’ = 4
“Adenccarcinoma’ = 5

o0 0

U
1 s, Wid P 1 «DT_Decisions Clinical Stage “Adencid cystic carcinoma” = 6
et validation criteria i “Basal cell carcinoma” = 7
1 . _ fC1€2mCn Step 1 1 RISeteor B “Squamaus cell carcinoma in situ” = 8
X Co={ppop (PM) ~Verrucous cardinoms "eo
X TANOT2, N23T3, N1-3Td.Any N “Malignant melanoma® = 10
——————————————————————— . T12MO “Pleomorphic adenoma” = 11
T T T T s e N (€ ==y ) [ ] T1-2M1 “Spindle cell carcinoma’ = 12
X -~ “Amel ), mali "=
iStep 2 Seec e decon e 7, (@l 1 ____ e o
1 from PM .. 14 = “nasopharyngeal carcinoma’ = 15
" Ste 3 1 “Sebaceous adenocarcinoma® = 16
1 p S:Surgary s HistologyDescripion “Sarcoma, not otherwise specified” = 17
| - ] n 1 “Plasmacytoma, not othenwise specified” = 18
— (¥es) £
1 g it ggo0 I )
= ! SE Evolve R-CKM by adding (P,) I | 13 418
I - 1} 1 S followed By RT of CRT
1 = Refined Clinical Knowledge Model /'d d L
— ! Validate ENTERPRISE | R-CK i
1 | (R-CKM)
- D UITe
1 i { Ffr ea;h o mdc, ) :: . S ® Ode/ / J [ EC ClinicalFinalStage { RT or CRT ’ | CcRT ] [ s ]
i ¢, is selected in order of p, m
1 primary? . Inspecting and refining (P)to | L
1 = (P,) 1 Y K I
1 son | |
= S followed by RT |
] ¢ s :: - 1 104 ) g !
1 Check ¢, for P, | Y 1
| {Failed) ! primaryjy \r/ ! i
{Passed) o ———— -
. N,
[anup:;u mRT] l - l

L Contribution

Criteria of validation Process .
* Decision path level conformance

* Conflict resolution
1) {VP; € PM: Accuracy(P;) > N%}
2) {¥P;€PM" VP; € CKM : Conflict(P; P;)}

ield.
3) {v P, € PM ~ 3P; € CKM: Conform(P,, P;)— P; € A RCKM}

4 {EIPL-EPM"VP]-ECKM:

o —




Solution-1:

Refined Clinical Knowledge Model after validation process (Phase-Il) (2/5)

Accuracy

Local evidences
(Context/Value)

Rationale

{ v P; € PM: }
Accuracy(P;) > N%

Yes/1

Accuracy > 50% for
all decision path

Set validation criteria

= loupron)

Conflicts Conformance

Sustain Integrity of Conform to CPGs

(Q CII'Dth (Quality care
pl:zvlis?/is:)re provision)

CKM : Conflict(P;, P}) yields

VP, €PM* 3P €
{ VP €PM" VP € } CKM: Conform(P;, P))
Y P, € ARCKM

Yes/1 No/2

Treatment plans
following same

Chemo-Induction
after Surgery has no
meanings

conformed

|

sequence to CPGs are

Evidence

Quality research
result
(Quality care
provision)

AP, €PM" VP, €
CKM : | Conform(P;, P))

provide
—— Evidence(P;) "
yields
Evidence(P;) —P
€ A RCKM

No/3

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

Proposed criteria support

Best practices

Context

Evidence
(Quality Care Provision)

Best Practices
Features




Solution-1; 18

Refined Clinical Knowledge Model after validation process (Phase-Il) (3/5)

——————————————————————————————————————————————————————————————————————— ConformancePMtoCKM
Input: PM, CKM, CriteriaBank: Map<keyCeriteria, List<Criteria>>
Output: Conformed:Boolean (True/False)

1. Let decPathPM:List<PMDecisionPath> = PM.getDecPath()
S Select next decision path P; i
from PM 1) PM Model Processing 2. While(CriteriaBank.isNotEmpty())
i. Decision path processing 3. Begin
\1/ 5 < ii.Decision path meta-information >
R (Yes) ALP % - processing 4. Let criterialList = CriteriaBank.getNext()
[2) % 3 [\ 0 0 0
9 -
= finished? ﬁ 5 2) DeCISIOI:I path selection for 5. | ForEachdt in criterialList
s evaluation 6. | Begin
7. Conformed = getConformance(dt,criterialist)
) For each ¢: in C . N 8. If(!Conformed & isPrimary(criterialist))
ciis i v .
primary? —> (c; is selected in order of p;) o ) 9. breakAll; o
1) Conformance criteria Ioadlng 10. Elself( ISNOtPrlmary(crlterlaLlst))
\f ET 2) Decision path evaluation 11 breakAl;
& . . . .
2 < . PrlmarY crlterlalchgcklng . > 12 | End
s ii. Non-primary criteria checking
l . = =
ailed Check ¢; for P; ~—> " primary? 3) Forwarding passed decision path 13. End
(Failed) (Passed) for refinements 14. Return Conformed
G 4




Solution-1:
Refined Clinical Knowledge Model after validation process (Phase-Il) (4/5)

Select next decision path P; 1) Selection of candidate path in R-CKM
% . . .
from PM 2) Evolving R-CKM with newly refined
decision path

J —
= (Yes) _“Aup S o
& A
§ @ finished? % 5

= G .

- Evolve R-CKM by adding (P])

¢ =

c;is For each ¢; in C,, /]\

i ? i1 lected i d i
primary? _-—> {ci is selected in order of p;) Inspecting and refining (P;) to

(P)

y AT
¢ is
Check¢; for P, > : \‘, 1) Inspecting decision path

,I
: primary? ~—> op
(Failed) (Passed) -t 2) Defining refinements from CKM
3) Add refinements to decision path

19

EvolveRCKM
Input: P; : PMDecisionPath, listRefinements: List<Refinement>
Output: R-CKM

1.

Let rckm:R — CKM = @, P;: RCKMDecPath

2. Pj =P,

3. ForEach ref in listRefinements
4. Begin

5. P;.addrefinements( ref )

6. If(rckm = @)

7. rckm.addFirstPath( P;)
8. Else

9. rckm.updatePath( P;)
10. End

11. Returnrckm



Solution-1:

Refined Clinical Knowledge Model after validation process (Phase-Il) (5/5)

o

Set validation criteria

\

If(TreatmentintentDesc = Palliative)
Path:1 TreatmentPlan = RT

If(TreatmentintentDesc = Radical and
Path:2 ClinicalStage T=1)

TreatmentPlan = SRT

If(TreatmentintentDesc = Radical and

ClinicalStage T = 3 or 4 and histology =
Path:5 1or2or3)

TreatmentPlan = C CRT

R

(2)
Accuracy
>50%

(3)

Conformance

(4)

Evidence

{

{

path of PM
‘ |4

| Conformance of decision

Path:1

1

Accuracy:

92%

3

« Palliative patients are
Stage IlI/IV (90%)

* RT is secondary level
treatment for stage llI/IV
patient

@

(=)

Path:2

Accuracy:
69.7%

3

No
conflict

* S RT is recommended treatment
for all stage patients

* Radical patients may have any of
Stage (111,111, and 1V)

*So S RT is conformed.

H

Path:5

Accuracy:
67.1%

4

H confllct

* Path 5 is not conformed to CKM

* Physicians provided local
evidences and published expert
opinion for effectiveness.

* So C CRT is kept in R-CKM.

{

Refine and evolve
decision path into R-CKM

\

Refinements:

Refinements: {

|Refinements:

14

* No refinements, and
* Add path to R-CKM

* RO: Chemolnduction
* FU is added for Stage |

patients

Path:2.2

* RO: Chemolnduction

« Cis already provided in
RO, so C CRT is refined to
CRT.
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Solution-1:

R-CKM as Sharable Knowledge: MLMs (Phase-lll)

Maintainable knowledge with minimal number of MLMs
Limited MLMs re-usability
Not feasible for large clinical models: errors prone

RoGTL MEOralCavity LocalizedPrimitive
->Caller for: Dri(avilyfnmp\exhﬂ|
-> Called by: Oral Cavity Treatment Event

«DT_Decisions Clinical Sage

ralCav Jexlll

->Called by: RoatMLM
->Caller for:
T3NOT1-2, N2-3T3, N1-3TéAny N 1 OralCavityComplexlvi21

Why Arden Syntax?
* R-CKM is only knowledge
representation — so called CPG (clinical

practice guideline) fom - |

'
Il
L
'

MLMs are well traceable to clinical knowledge model . i
. . . . . 12 OralCavityComplexLvi22
Duplication of shared logic: Multiple MLMs are invoked ,‘____'_$____ 1 e ¥,,,, -
Independent MLMs: multiple requests for same data —
lal(% 0 !I.

* So Computer Interpretable
Guideline(CIG) representation is
required.

* Arden syntax is HL7 standard and
commercially used CIG scheme

ClnicalF nalStage

Re-usability I

Modular approach: feasible for large I

clinical models

Single MLM invoke/event: Single I

request for data

Logic distribution among sub-MLMs I
l
|

IS Cha”englng IF{ (ProcedureEventl.procedureCode = "395077000™ And ProcedureEventl.procedureMethod = "27762005™) RND({
{CbservaticnResultl.cbservaticnFocus = "385356007" And CkservaticnResultl.cbservaticnValue = "2335100&8") OCR
{CbservaticnResult2.cbservaticnFocus = ™385356007" And CbservaticnResult2.cbservaticnValue = "€76730038™)) il
THEN
HL7 Arden Syntax —
— _— — _— — _— — _— — _—
3 H recPartl := new ProcedureEvent with "387713003";
¥ Medical Logic Module (MLM) Multiple Independent Multiple dependent e g
v VOCabUlal’y(SNOMED) MLMS WIth Sha"ng MLMS WIth R°°t and recommendationlist := recommendationlist, recl;
v Data Model (HL7 VMR) . nodes IOglC Sub-MLMs recPart2 = new E':ccedu*.:eEvem.: with "108290001";
S|ng|e 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
e
~. -~

Patient with completed treatments

v" Cancer site: Oral cavity
v’ Patients: 1229

Patient with incomplete treatments

v' Cancer site: Oral cavity
v’ Patients: 739

*SKMCH: Shukat Khanum Memorial Cancer Hospital, Lahore, Pakistan
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Quality of R-CKM compared to PM

Oral Cavity

Completed
)Treatment
| 4

S
S
O
e, &
(3 L

Performance preservance

Oral Cavity

Incomplete
Treatment

-

=
O
<, s
G2 S
e, Y
% K

R-CKM Non standard practices

Evaluation



Magbool Hussain, Muhammad Afzal, Taqdir Ali, Rahman Ali, Wajahat Ali Khan, Arif Jamshed, Sungyoung Lee, Byeong Ho Kang, Khalid Latif; "Data-driven knowledge acquisition, validation, and transformation into HL7 Arden Syntax", Artificial Intelligence in Medicine (Elsevier, SCI, IF:2.03), published (Online Oct, 2015)

Results & Evaluations:

Comparison with Data driven: [Performance preserve and standard knowledge]

Patient Cases \__/

CPERFORMANCE PRESERVANCE)

gt (G W 199 1030/ 44 208 474
MLMy =P 199 (184 15) [ py and p; are disjoint  Apyy, = ———x% Ay +_(_(AMLM )+ (AMLM )+ (AMW )) —7257%
P2 1030 (816 214) 1229 1122911030 2/ 71030 /1030 4

P Is root for other MLMs 184
Ay, = 155 % 100 = 92:46 %
~
% ’Blﬁi
- | P pat, (Cc W)
o 't c (3 c.
2 M, MM = o> Taa” 42 2)
o >
o (8]
o [p pat (€ Wo)]
S [py— 298 (286 12)]
g Q (28— MLMy= 286
b o Q ™~ Pu. 138 (137 1)]
o (1] [m_ 148 (136 12)
Q. Py is oot path and py; and py, are disjoint
o
S
&8 P pat, (€. W)
{"7; MLM, = |1 = 425 (347 78)
N4 P49 (46 3)
py and p, are disjoint
Comparison
° ACCUI'CICV perseverance
Remarks

* R-CKM preserves the accuracy

of PM

* At same time, it is standardized

Completed Treatment(SKMCH*):
Oral Cavity patients (1229)

42
= —x100=9545%

Apim, vy
136 + 13

Apmy = % %100 = 91.61 %
(347 + 46)

A, = =gz X 100 = 8291%

R-CKM vs Existing model

v' R-CKM: 72.57%
v Existing: 71.0%

=

Q

o

£

e o

[ = Wt Predicted

© Observed

3 C CRT RT S RT Total Cases Accuracy

g © C CRT 343 12 46 401 85.5%
> S RT 87 184 127 398 46.2%
= = S RT 81 3 346 430 80.5%
_E 8 Total 511 199 519 1229

g < Overall
S Percentage 41.6% 16.2% 42.2% 71.0%
T
(=]

C NON-STANDARD PRACTICES
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—{m
Patient Cases

|
*SKMCH: Shukat Khanum Memorial Cancer Hospital, Lahore, Pakistan

MLM, = nm— pg;, ((g;; :’(K)J d p; are disjoint 69 670 35 218 339
s e ey ) I A, = 55X A, +m(ﬁ(n”%)+ﬁ(’“’““-’)+m(am'm)) E
Py is root for other MLMs 28 =
Ahzﬁxlﬂﬂzﬂlﬁ% U
©
s o
S
" MM, = [,,f”. p:sl: (fazl ‘z;) Aviar, = %x 100 = B8.6 % & 3
Incomplete Treatment(SKMCH*): o ®
& o [pe pat. (€. Wo]
Oral Cavity patients (739) "5 oo ) © 3
18 MLM; = 210 (102 +50) Q Q
P 106 (102 -ﬂ] Ayiag, = ———— X 100 = 69.7 % v
LJ,_ 104 (50 54 o ®
Py is voot path and pyy and py are disjoint o
9
P opat, (G W) .
- MLM, = s,z!: ZLG:« (1(525; 115)8)] Auim, = 7(152;;5)“00 =53.1% a
p, and p, are disjoint
Comparison
i * Non-guideline based treatment
R-CKM vs Existing model g
Remarks
v R-CKM: 53% * R-CKM is guideline enabled, so
v Existing: 5% incomplete treatment plans
(non-standard) are discouraged
Path# PM Decision Path Candidate Patient Cases PM Path Accuracy =
Q
path-1 Node 0->RT Palliative patients: 69 40.58% (C:28 W:41) g
)
Node 0 -> Node 1 ->Node | Patient with radical and CS: T1: 139 95.68%(C:133, W:6) b3 [ |
Path-2 o
3->SRT [ |
path-3 Node 0->Node 1 ->Node | Patients with radical and FCS II: 123 73.98%(C:91, W:32) Q.
@ 4> Node 6 -> S RT " >
Node 0 -> Node 1 ->Node | Patients with radical and FCS II;IV: 56 67.86%(C:38, W:18
omtha | N0 d d h radical and [ ) £ 8
4->Node7->SRT 4 ¢
Path-5 Node 0 -> Node 1 -> Node | Patients with radical, CS:T3-4 and 38.58% (C:125, W:199) .2 =
5 -> Node 8 -> C CRT HistoDescription 1,2,3: 324 = O
pathg | Node 0->Node 1->Node | Patients with radical, C5:T3-4 and 85.71%(C:24, W:4) '? O
5 -> Node 9 -> S RT HistoDescription other than 1,2,3: 28 © <
Overall PM Accuracy: PMacc 59.0% E
e CS: Clinical Stage e HistoDescription 3: Carcinoma NOS Q
«  FCS: Final Clinical Stage ®  C: Correctly classified patient cases I
*  HistoDescription 1: Squamous cell carcinoma *  W:Wrongly classified patient cases
+  HistoDescription 2: Small cell carcinoma
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Results & Evaluations: [Approach-I]

Comparison with Combined approach [Non-validation VS Validation]

CKM attribute Patient data attribute CKM attribute Patient data attribute

abctu vy { abctdny’ 1 a,b,C,t,U,V,y } { alblcltldlnlylu }

AR R

PM
CKM @)

+* Investigate each decision path in PM and apply conformance
"« Extend PM to R-CKM after conformance and refinements

leitations of existing approach

<> Investlgate deC|5|on path in PM which is not in CKM

/ U Final Knowledge Model is not integrable

= “v"”is not added to R-CKM while only “u” is added
as refinements.

* Presence of “v” make R-CKM non-integrable as
vis not existed in patietn data

X/

i “* “n" is not properly validated against CKM, so in R-
i CKM itis removed

Final Knowledge Model



Results & Evaluations: [Approach-I]

Comparison with Combine approach [Non-validation vs Validation]

Algorithm: C4.5 ( with accuracy 69.7% )
Dataset: 1229 ( H&N cancer dataset of SKMCH)
Guideline: NCCN

Total decision paths: 23

COMPARISON OF VALID DECISON PATHS B Proposed M Existing

Accuracy: 50% {

Qe

Conformance Issue {

{

Conformance Issue {

{

Conformance Issue {

Conformance Issue and
Accuracy: 47%

Conformance Issue and
Accuracy: 45%

Conformance Issue {

ACCURACY CONFLICT/CONFORMANCE OVERALLCRITERIA

Accuracy: 40% {

Conformance Issue

Six (6) decision  Seven (7) decision Two(2) decision

Cc4.5 pruned tree
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TreatmentIntentDescripticon = Radical
Clinical3tages = I (1)
| @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)

ClinicalStageT !

I [ I
| I I
I I I
I [ |
I I I
| [ I
I | |
I I I

/3

|
|
|
|
1
|
|
|
L)
|

I
I
I
I
|
I
I
I
.0
I | |
I | | I
128.0/51.0)
I |
10.0/6.0)

I I | | | I
I I | I | | | I
I I | [ | | | I
paths have paths are not paths are not I R N A R B
lower accuracy conformed conformed and ol
than the having lower pecuraer oW [' =t =
Accuracy: 50% | | | | | | | |

targetEd accuracy TreatmentIntentDescription != Ra

_____________________________________________________________________|]
Number of Leaves : 23

Size of the tree 45

HistoleogyDeacription
HistologyDescription
Clinical3tageT =

| HistologyDescripticon
HistologyDescripticon

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

1=
2:
= 2

Mucoepidermoid carcinoma: S RT (5.0/1.0)

!= Mucoepidermoid carcincoma

| HisztologyDescription = N&i: 5 RT (4.0/1.0)
HisztologyDescription != NA
] HistologyDescription = Adenccarcinoma: RT (3.0/1.0)
HistologyDescription != Adenccarcinoma

HistologyDescription = Malignant melanoma: RT (4.0f2.0ﬂ
HistologyDescription != Malignant melancma

| ClinicalStageT 1: 8 RT (11.0/4.0)

| ClinicalStageT = 1

| | HisztologyDescription = Sguamcus cell carcinomsa

I

1

| | Alcohol Y¥es: C CRT (&.0)

1 1 E ey S, B I €

}
}

c

GrdDescription = NA: CBET (19.0/10.0)
GrdDescription NI
Treat3tatusDeac Incomplete: C CRT {29.0/4.0}}
Treat3tatusDesc != Incomplete

1 Mlama~sTS8+z~ral = N

o

FPoor:
FPoor
= On treatment: C CRﬂ

| GrdDescripticn
| GrdDescripticon
| | PatStatusDesc

CRT [11.316.0}}

] | PatStatusDesc On trs=atment
| | | TreatStatusDesc = Complete: C CRI]
| | | | | |

| | | TreatStatusDesc != Complete: RT}

| | 1 ClinicalStageN != 0: C CRT (120.0/29.0) }

istologyDescription != Sguamocus cell carcinoma
Smoking = Neo (None)
| Pat8tatusDesc Alive with disease:
| Pat8tatusDesc != Alive with disease
| | PatStatusDesc Zlive: S RT (32.0/1.0)
| | PatStatusDesc != Alive: RT (2.0/1.0)

| Smoking != Nc (None): C CRT (4.0/2.0)
AT (132.0/10.0)

RT (2.0)

|
H
|
|
|
|
|
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Results & Evaluations:[Approach-Ii]

Comparison with Combined approach [Non-validation VS Validation]

Key Validation Process

CKM, attribute CKM, attribute 0:*Con.1b|n.e all deC|§|on p.aths (U.m.on)
“*Revise (if resolution exist) decision paths
{ a,b,c,t,u v,y } { a,b,ctdnyu } with conflicting decision

s Conformance = Conflict
D o
. X | |
6.0 O
O @ o W © @
CKM 2

(y) CKM

1

L Limitations of existing approach

U Final Knowledge Model is not
integrable

U Conflict resolution only depends on
limited evidence.




Results & Evaluations: [Approach-li]

Comparison with Combine approach [Non-validation vs Validation]

Algorithm: C4.5 ( with accuracy 69.7% )
Dataset: 1229 ( H&N cancer dataset of SKMCH)

Guideline: NCCN
Total decision paths: 23

COMPARISON OF VALID DECISON PATHS

m Proposed m Existing

ACCURACY

6/23 decision paths
have lower accuracy
than the targeted

CONFLICT/CONFORMANCE

1/8 non-conformed
paths was having
published proved

evidence to consider

Conflict Issue:
Revised with CRT

{
{

——

—_— ——

—_——

——

C4.5 pruned tree

TreatmentIntentDescription = Radical
ClinicalStages = I (1)
| GrdDescription = N&: RT (26.0/7.0)

| GrdDescripticon != MA: S RET (95.0/17.0)

Clinical3tages != I (1)

| ClinicalStage3 = IT (2): S RT (132.0/40.0)
ClinicalStages != IT (Z)

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 !

HistologyDescription = Ni: 5 RT (4.0/1.0)

|= Mucoepidermcid carcincoma

| ClinicalStageN = 0

| | GrdDescription = Poor: C CRT {11.0/6.0”
| | GrdDescripticon != Foor

| | | PatStatusDesc = On treatmsnt: C CRT}

[

[

[ |

[ |

[ | |

[ | | HistologyDescription != N&

[ | | | HistologyDescription = Adenccarcinoma: RT (3.0/1.0)

| | | | HistologyDescription != Adenccarcinoma

| | | | | HistolegyDescription = Malignant melancma: RT (4.0/2.0)

| | | | | HistologyDescription != Malignant melanoma

| | | | | | ClinicalStageT = 1: 3 RT (11.0/4.0)

[ I I | I I ClinicalStageT != 1

| | | | | | | HistologyDescription = Sguamcus cell carcincoma

| [ [ [ | Alcohol = Yes: C CRT (6.0) }
| | | | | | | alecohol != Yes

| | | | | | | GrdDescription = NA: C CRT (15.0/10.0) }
| | | | | | | GrdDescription != NA

| | | | | | | Treat3tatusDesc = Incomplete: O CRT {29.0!4.0}}
| I I | | | | TreatS3tatusDesc !|= Incomplete

[ | | | | | |

| | | | | | |

| | | | | | |

| | | | | | |

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)
| | | | | | | | | | | | PatStatusDesc = Alive with disease: RT (2.0)
| | | [ | | | | | | | | Pat3tatusDesc != Llive with disease
| | | [ | | | | | | | | | Pat3tatusDesc = Alive: & RT (3.0/1.0)
| | | | | | | | | | | | | PatStatusDesc != Alive: RT (2.0/1.0)
| 1 1 I 1 1 1 1 | 1 | sncking != No (Neme): C CRT (4.0/2.0) }
TreatmentIntentDescripticon != Radical: RT (133.0/10.0)
Number of Leaves : 23

Size of the tree : 45



Contributions of Solution-1

Solution-1

Objectives Target Limitations
O Guideline base validation + Guideline support
U PM from patient data «» Validated knowledge
O Refined sharable clinical
knowledge
Outcome

v Guideline enabled clinical knowledge model — R-CKM

PHASE - Ill

How to verify that:

Validation process is consistent to produce consistent knowledge model

Contributions

v' Validation process for clinical knowledge model
v’ Guideline enabled knowledge model — R-CKM

28




Solution-2

SOIUtiOﬂ-Z: Process model Objectives Target Limitations

UFormal modeling
WFormal verification of validation
process and R-CKM

**Inconsistency in knowledge
and validation process

Outcome
. B
Z Formal Notations v’ Proving consistency of validation processes and R-CKM by eliminating
inconsistencies using formal method
L Why Z for KB verifications? J
v' Easy Knowledge Modeling
+ Knowledge decomposition
+¢ Static feature modeling REFINE SPECIFICATIONS
¢ Dynamic feature modeling DEFINING FUNCTIONS FOR CONCRETE DESIGN
v’ Data-rich formalism AND MODELSs STATE o
% Types: primitive contents Core-Contribution )
% Free Types: Complex Data and Function
T @) Refinement
o . (Refine models for data types
¢ Axioms and Schema: Operations and functions to reflect
Complex semantic with (Define operations on model) concrete design)
constraints Initialization
v’ Tool support Types .Theorem. -
v Concrete design (Define primitive types) Models State (Provide proof of initial
v Auto code generation (Define states for each model state of model)
g which have operations)
- / Models Preconditions
(D?f'ne models using (Calculate preconditions
axioms and schemas) from operational schema)
Future Work




Solution-2: Process model

Formal Verification of Validation process

CKM

PM

\ 4

Problem Modeling

R-CKM

\ 4

Validation Process

EvolveRCKM

* RetrievePM

* RetrieveCKM

e PMPathValidation
¢ AddPathRCKM

A 4

R-CKM

Model States

MODELING PROBLEM

DEFINING FUNCTIONS
AND MODELs STATE

PROVING CONSISTENCY

Proving Consistency

REFINE SPECIFICATIONS
FOR CONCRETE DESIGN

CKM

\ 4

EvolveRCKM

AddPathRCKM

PMPathValidation

PM

\ 4

RetrieveCKM

\ 4

RetrievePM

. suonesado aﬁueqa-a;els-uoN/ \SUO!J,EJadO 98ueyd-aleis J

R-CKM’

InitR-CKM

\ 4

Pre AddPathRCKM
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Solution-2:
Modeling problem: Models (CKM)

-

Declarations

Oral Cavity

«Pre-conditionz

Size, Involvement of

{Depend on: Age, Tumar

Sourounding struct, Fixity}

hYd

2
X
T3NO;T1-3N1-3;T4a,Any N <

«DT_Decisions Medical
‘Comorbities found OR
Patient is not willing

Predicates

~

«DT_Decisions
Resedual
Disease

Pathology Staging Salvage Surgery

~

Declarations

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

A

REFINE SPECIFICATIONS
FOR CONCRETE DESIGN

BFINING FUNCTIONS
IND MODELs STATE

31

MODELING PROBLEM

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

PROVING CONSISTENCY

Condition part of one decision-path 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 decision-path must be condition

N/

A

redicates

Conclusion of one decision-path can be condition for
another decision path.

CKM = dom guidelines
v dp : decisionPathCKM | dp € CKM o All decision 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 e ((\(ran(dom dp)))

I
Root of CKM m——

|




REFINE SPECIFICATIONS
FOR CONCRETE DESIGN

DEFINING FUNCTIONS
AND MODELs STATE

32
Solution-2: o oY
Functions and Model States: (RCKM) T sssee |

MODELING PROBLE ENCY

Fgﬁ?\//’afd‘:g!gggga{;zacggz;ath -{ EvolveRCKM = PMPathValidation N AddPathRCKM }

* Add to RCKM path after refinements

4 __ PMPathValidation
Refined Clinical Knowledge Model
dppm? « dectsionPath
Input: qualifiedAcc? : Z
 Decision-path of PM Criterio-1  emmm | 1 dp,,7 € PM A decisionPathAccuracy(dppm?) > qualified Ace?
* Qualified accuracy for Vi1, to : treatmentSet | t1, ta € ran(ran(dpy,?)) A TreatmentPlan™(t1) > TreatmentPlan™(t;) e
decision-path by v Jdpogm ¢ decisionPathCKM ; t3,ty : treat.mentSet | dpekm € CKM,
domain expert < E— < —— 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
* True: passed / False: A dpem ¢ decisionPathCKM | dpogm € CKM o
Failed Criteria-3,4 em—=E—| < (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 ReﬁnedClinicalKnowledgeModel’ L AddPathRCKM}

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

Preconditions Theorem:

Proofs for simplifying AddPathRCKM operation 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 o 7

cszlﬂ;'o(:m C%Lﬁ;, zinﬂ 3 Refined ClinicalKnowledgeModel’; rckmPath! : decisionPathRCKM o AddPathRCKM
decPathRCKMAccuracy’ = 0
evidences' =)
decPathRCKMEvidences' = ()
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Results

Consistency of validation process and model

Model consistency Model operation consistency

Initialization Precondition
Theorem Proof Theorems Proof

R-CKM

Evaluation

Formal verification of validation process and model
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Results: & P A ~
Formally verlfled Valldatlon Process Validation Process (Formally verified)

<

5

Evolve R-CKM by adding (;)
PM

L Additional criteria of validation Process J et validation evtter 1 .;
et validation criteria ...
€1C3 -Cp _
RCKM # 0 = head (dom dppm?) = rootRCKM Go= {pipi---pn} g .
¥ pos : N | pos € dom refinements? o pos > 1 A ¢ £ “g
pos S (#(dom dppm?) i #(ran dppm?)) l e ) -« E = Check ¢; for N R-CKM
ran(dom rckmPath!) C ran decisionPathConditionRCKM — et ne}gogcllf[:; npath %! = g i {é‘\
ran(ran rckmPath!) C ran Conclusion RCKM ' g T
(ran(ran rckmPath!) Nran decisionPathConditionRCKM ) C i -
ran decisionPathConditionRCKM 2z « Yes) AP §
finished? = i
0 < decPathRCKM Accuracy(rekmPath!) <100 = @ e EE_ Foreach ¢ in .
head (dom rekmPath!) ¢ ran ConclusionRCKM (M ran decisionPathConditionRCKM l =
Jdp : decisionPathRCKM | dp € RCKM e T
dom rckmPath! = dom dp \ last (dom dp) = last (dom dp) = ran rekmPath! ¢ is Foreach ¢ inC, Set evolution criteria
dom rckmPath! = 3 popyy, : decisionPathCKM | popy € CKM @ primary? ~—  (c; is selected in order of p;) E.={e, e ™ @n}
dom(ppm?) U dom Pckm l S T T
G is Pt Refining (P;) to {P;) with
{Failed) ChECl;:i for ( P;: d) primary? _H\\__EE:/ refined tr'eatme}nt t;

\ %
e

@ E @ C 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, _.‘,{.
from PM L)

)

' 3
z (Yes) _“anp, 2.
< . N s
= finished? s 5
o=
=
=
¢ is Foreachc; inC,
primary? . ciis selected in order of p,)
z
=
;s
(Failed) Check¢; for P; . primary?
{Passed)

Evolve R-CKM by adding (P;)

-==>
Inspecting and refining {P;) to
(P))

Clinical Knowledge

Model (CKM)

Prediction Model
(PM)

Refined Clinical Knowledge Model
(R-CKM)
N
2 @
soo

Criteria of validation Process

v' {V P; € PM: Accuracy(P;) > N%}

v {EIP[-EPM"‘ VF; € CKM :

v {VP, € PM* VP, € CKM : Conflict(P,,P,)}
ield.
v {v P, € PM * 3P, € CKM: Conform(P, P})— P, € A RCKM}

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

Magbool Hussain et. al “Development Framework for evolutionary clinical decision support system", Artificial Intelligence (Elsevier, SCI, IF:3.37), under review (2016)
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“w Formally verified R-CKM Validation

Validation Process (Formally verified) /\

Evolve R-CKM by adding (P;)

<«
Set validation criteria
_ [€1€2Cn
&= {pipa-ma)

'

)

All e; checked
for P

" ‘ Check g; for N
Select next decision path P; | =3 P,
— 5 s
from PM . ] 2
/ 2
' — £ T
= =
| =
7 (Yes) All Py Ew
B (:) + finished? £k Foreach e; in B,
R
| L T
c is Foreach¢; inC, Set evolution criteria
primary? »—  {c; is selected in order of p;) E.={e; e * @n}
l =
3
€i is I Refining {P;} to (P;) with
L “Checke for —p < primary? '—sid o5 — 5 S i
(Failed) B, frassed) P ry WS refined treatment t;

\ /.
'

LA

Prediction Model
PM!

£

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,

Magqgbool Hussain, Tagdir Ali, Wajahat Ali Khan, Muhammad Afzal, Sungyoung Lee, Khalid Latif,;"Recommendations service for chronic disease patient in multi-model sensors home environment", Telemedicine and EHealth (SCI, IF:1.6), Vol. 21 Issue 3, pp.185-199, 2015

Refined Clinical Knowledge Model
R-CKM!
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Results:

R-CKM Validation vs Formally verified R-CKM Validation

Oral Cavity

R-CKM Validation

Cl:Chemaolnduction RT:Radiotheraphy

Surgery (S) followed by RT is passed
Reason — It is refinement

«DT_Decision» Clinical Stage

T3,NO;T1-2, N2-3.,T3,N1-3, T4 Any N

T1-2N1

[ S:Surgary ’ S ] HistologyDescription

4-18

‘ CRT ’ ‘ k] }

S followed by RT

e

S followed by RT or CRT
|

Formally verified R-
CKM Validation

Clinica IFinalStage RT or CRT

1) )

FollowUp: FU or RT| RT

According to guidelines:
For palliative patient followUp is recommended after RT

[—:—] Surgery (S) followed by RT is inconsistent
_ Reason — It is refinement, but it conflicts with guideline

dom rckmPath! = 3 pe, : decisionPathCKM | pegym € CKM o
dom(ppm?) U dom peim,




Contributions of Solution-2 s

Solution-2 R ) F 3
Z (5’ °s) AI'\P ? :3' ]
. . . REFINE SPECIFICATIONS % 41 For each B,
Objectives Target Limitations DEFINING FUNCTIONS FOR CONGRETE DESIGN i :
. o . . - Da'::::e:mm\ priman? — (g useiemdulwderorm ::1 [: :',” “Pe.\
UFormal modeling “*Inconsistency in knowledge — — A e e | Lol i
) . . . (Defing operations on model) | e concrete design) A eetnrairo by
WFormal verification of validation and validation process [—(, e Gty Gy | "L
oty Models State
process and R-CKM sy
Preconditions
Outcome ) e
. . . . . . . MODELING PROBLEM PROVING CONSISTENCY
v' Proving consistency of validation processes and R-CKM by eliminating Additional riteria of validation Procecs
inconsistencies using formal method ROKM #0 = head (dom dpyn?) = rootRCKM
Vpos : N| pos € domrefinements? ¢ pos > 1 A

pos < (#(dom dppn?) + # (ran dppm?))
ran(dom rekmPath!) C ran decisionPathConditionRCKM
ran(ran rckmPath!) C ran ConclusionRCKM
(ran(van rckmPath!) Nran decisionPathConditionR CKM) C

ran decisionPathConditionRCKM
0 < decPathRCKM Accuracy(rckmPath!) < 100
head (dom rckmPath!) ¢ ran ConclusionRCKM Nran decisionPathCondition RCKM
Jdp : decisionPathRCKM | dp € RCKM o

dom rckmPath! = dom dp \ last (dom dp) = last (dom dp) = ran rckmPath!
dom rckmPath! = 3 pyyy, + decisionPathCKM | pejoy, € CKM o

dom(ppm?) U dom pegy,

After all:
Formally verified knowledge validation processes and knowledge model.

Contributions

v" Formally verified validation process
v" Additional consistency criteria

Motivation:
Can solutions (1 and 2) be represent in a unified process model




Development Frameworks

Existing architectural approaches [24]

# Architectural approaches focuses on single

Generic Component Model

(Can be used, but no current implementation)

aspect for CDSS:

Reference Models, Knowledge representation,

Recommendation delivery mode

# Sophisticated knowledge acquisition

methods are available, but they lack:
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Process guidelines to plug into a complete CDSS

development process
.
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Smart CDSS Development Framework

Motivations for RUP

Clinical Knowledge Pool >

> 3 v’ Iterative process model
Clinical Knowledge Pool Knowledge Supporting Tool Pool + Best fit for evolutionary

v" Three phase model

+» Elaboration: PM, CKM, R-
CKM (CPG building)

% Main Role: Domain Experts (P Selcting CDSS Selcting Knoviedge 5 s i . kr.lonIedge
+% Facilitator: Developers . = . “ s 5 ! | <> D|str|bu.te development of
v RUP phases buldlg selecting __ % DE : j § H e po— _ sy.stem in cohere:nt phases
% Inception: clinical objectives domain | selcting medical 283 et tooksets 2 with concrete milestone
record % = §_|> | g v' Configurable processes

+ Tailoring mechanism for
update or new processes

Analyzing and designing

[Information, Enterprise] View

o =
% Construction: MLMs ( clGg Creating o - g 1 Analyzing Knowledge 5
. . i o T oo : =1 ° .
building ) S Prediction 1.8 |zt {knowledgebase) Representation schemes § ++ Allow to configure processes
Model s 2 S EZ3 o ] T .
* g8 . wo 2 £S5/ 2 i Designing =
*o* Tl'anSItlon. MLM test base ﬁ:’% = = g g S ‘E 5 Formal modeling of Domain Model E for CDSS speCIallzed
A o q Rt 20 = > E .
Vahdat'on Creating Clinical E B E E é’éﬂ gn-': 2 knowledge models I'eqUII'ementS
sl i = S gREEC Selecting domain Knowledge Authoring
£ z :E_J :' ;stc:’ 2 @ Formal verification of vocabulary Environment Modeling
Creating Refined Validating ST = knowledge
Clinical K. Model(R- Prediction o u

CKM) Model

Motivations for RM-ODP

Integrating R-CKM
data services .,

Integrating
domain model

Knowledge Supporting Tool Pool Selecting Analyzing data

and logic of R-
CKM

Knowledge
Representation

Implementing
KB Engine

Y g v’ Consistent viewpoints

Interfaces Doc

Representation Document
3.KAE User Manual

- . [ U 32 )
d di = @ g = . o
v" Authoring tools and formalism T i EE B G e d E +* Separate concerns of
X i : p. Artif: S 8 datato CKM to S :
.:. Malln. Role: Develc?pers Rep. Artifacts ¥ 52| 25 et Cnoniodnshase H = different stakeholders
+¢ Facilitator: Domain Experts - v p— ] § + Consistent viewpoints of the
v RUP phases O overall KEA S system
. . ! e ——————————————————————————————————————— T T T T T = . .
+¢ Inception: Tools analysis ' : ; & v' Wide adoption
. 0 \ . Testi N 4 v . 0
% Elaboration: Domain B S i g ] s % executable ) =I5 % Widely adoption for
modeling, Tools modeling, J =4 A S k2l H 2 industrial applications
. = o . . i <
Integration R- Clinical & ‘f:“,n Creating and Deploying = 0
. Formal mc_:dellng P el RCKM rues o, 3 3 S H o g +* Most healthcare _
+ Construction: Tools Production e Undatin % < frameworks adoption: ISO
implmentation Z TR HISA, NEHTA-IF, HL7 SAIF

¢ Transition: Tools
deployments *




Uniqueness and Contributions

O The knowledge acquired is integratable with healthcare workflows

O The knowledge acquired is influenced from guidelines — supporting evidence

O Performance is preserved (accuracy:72.5%) over pure data-driven approach (accuracy:71.0%)

[for completed treatments]

U The method is formally verified for completeness and consistencies

41
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Conclusion and Future Work

* This thesis contributes to:

Providing knowledge acquisition using validation methodology

* |ncorporate guidelines (CKM) as source to validate knowledge (PM) acquired from practice data and refined as guideline
supported knowledge (R-CKM).
= The refined knowledge (R-CKM) is converted into sharable knowledge (MLMs).

Formally verified the validation methodology

= Using formal methods (Z notation) to create formal model for knowledge acquisition and validation process

= The model is formally verified for completeness and internal consistency by applying proofs for initialization and

precondition theorem on the model

—

e Future Research

* Incorporating validation at sharable knowledge format.
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