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Introduction

= With the information explosion, the retrieval of the best clinical evidence from
large and general purpose databases such as MEDLINE is difficult [Nancy et al 2005].

= Particularly in Evidence-based Medicine (EBM), the busy clinicians face numerous

challenges to acquire best clinical evidence for quality care [Sackett, David L., et al
1996, Leung GM, 2001].

Decision Making Basic Elements

Clinical Patients’ Research . The clinical evidence found in
Expertise Preferences Evidence I:> . online available evidentiary
- documents.

____________________________________________________

“EBM, three legged stool"

Introduction
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= Today number of MEDLINE Indexed articles .| = Getting best available evidence is promising
o 21,508,439 (21 million+) o Because, it will improve the confidence level of
o An internist require at least 20 scientific papers every | clinicians on clinical decisions

day to keep up-to-date with this overwhelming number o If made automatic, it will reduce unnecessary burden
of yearly citations. . over clinicians/researchers

Introduction
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Problem Statement

In evidence-based medicine (EBM), without a well formulated question and an
automated quality assessments, it is time consuming to identify a relevant and

guality evidence [GRADEWG2004, Sarker2015, Boudin2010].

To minimize human efforts getting best research evidence for better clinical
decision making.

 Objectives
* To develop and evaluate methods/models for finding relevant evidentiary
documents. Challenges: Retrieving task oriented relevant document with a higher precision

* To develop and evaluate methods/models for recognizing quality evidences.

Challenges: Recognizing quality and contextually fit evidences with a higher accuracy

Introduction Related Work  Solution 1 (A) Solution 1 (B) Solution 2 (A)  Solution 2 (B) Experiment-Evaluation Conclusion
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Evidence-based

Research Taxonomy Medicine

Evidence Retrieved Evidences Evidence | Evidence
Retrieval Appraisal Application

’—1

Query Base Query Query User Driven System Driven
Formulation Reformulation (manual) (automatic)

Lexicon-based Vocabulary Boolean Statistical

Unstructured Structured Reformulation Normalization Methods Methods

- A standard vocabulary approach

User Driven System Driven : .
' to normalize the query terms ,
(manual) (automatic) e
““““““““““““““““““““““““““““““““““““ e ' A decision-tree based classification is

An automatic approach is used to formulate | used to appraise the quality of evidences. |
- structured query in PICO format . [Sackett1996, Sungbin2014] IS Ss SEUE T ssssss |

Introduction
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Related Work (Individual Method-wise)

QF: Query Formulation
AQRF: Automatic Query Reformulation

SbQR: Statistical-based Quality Recognition
ERG: Evidence Ranking/Grading
CEG: Contextual Evidence Grading

= Clinical Query [Wilczynski2005] Yes (manual) Yes (Ranking) Yes(Partially)
>
.g InfoButton [DelFiol2012] Yes (semi-Auto) No No No Yes (manual)
)
% CDAPubMed[Perez2012] Yes (semi-Auto) Yes No No No
8 askMedline [Fontelo2005] Yes (manual) Yes No No No
< Towards Automatic Recognition No No Yes No No
o [Kilicoglu2009}
Eé Evidence Quality Prediction No No Yes Yes (Grading) No
+2  [Sarker2015]
o
Q- Proposed Approach Yes (auto) Yes Yes Yes (Grading) Yes (auto)
Limitations
* Query building approaches are e Dataset limitations and manual features * Non-textual data consideration for
manual or semi-automatic engineering for quality evaluation statistically. quality evaluations

e Reformulation process consider e Evidence grading without considering the

terminological variants user context

* Rule mining from the evidences

Related Work
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Limitation, Objectives and Proposed Solutions

o Limitations Objectives Solutions -
Automatic Evidence Acquisition
- R EE, WO E R Finding relevant evidentiary PICO Compliant Question Construction
and manual construction of query documents. <
> %)

® Lack of target task awareness . :
2 Clinical Task Aware Query Formulation

S

® Boolean methods for quality . .
3SSESSMeEnts Automatic Evidence Appraisal

Recognize the quality of ‘ Statistical-based quality assessment
contents and contextual fitness

),

= Lack of user-aware evidence

radin
2 2 ‘ User Aware contextual evidence grading

AV

To minimize human efforts getting best research evidence for better clinical decision
making.

Introduction Related Work  Solution 1 (A) Solution 1 (B) Solution 2 (A)  Solution 2 (B) Experiment-Evaluation Conclusion
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Proposed Solution: Abstract Idea

Solution 1: Automatic Evidence Acquisition

Task Aware PICO Compliant Query

@

Knowledge Evaluation: Relevancy
Source . ) : )
Solution 2: Automatic Evidence Appraisal
Relevant
- ~ :““““.‘“. “““““““““““ .‘“““““““““““‘““", EV|dent|ary
‘ . Statistical-based Quality Assessment i Documents
Relevantand | @ |
Quality Evidentiary """"""'""""""'""'""'""""""'""""""":
. Documents . Context Aware Evidence Grading !
Evaluation: Quality

Solution 1 (A)

Solution 1 (B) Solution 2 (A)  Solution 2 (B)
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nosed Solution: Details
—
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Pro
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Data / Knowledge

Salient Term

Solution 1
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Concept Mappings

Identification

Data/
Knowledge Implementation Terminology Service
Source "

Knowledge

Processing ®

Terminology Source

KAP Model

1.Mapping Model Construction }
2.Salient Term Identification

Contribution {
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Relevant &
Quality

High asa
Document m

Quality
Document m

Relevant &
Quality
Document 1

Relevant &
Quality
Document 2

Finding Grade

Quality Quality
.. Document 2 | Document 1

v

Contribution {

Moderate < ( X ]

Low EQE] Aggregate Context Generation
User Context Resource Context
uc1UC2 .. UCn RC1 RC2 RCn
Contribution { 1.Contextual Mapping Matrix Acquisition

2.Aggregate Matrix Construction and Parsing

N

‘\\//'

Corpus

Clinical Task Aware
Query Formulation

Clinical Task

v

Query

Recognition Validation

®
Terminology Source

Evidentiary
Document 1

1.Clinical Task Recognition }
2. Query Validation

Evidentiary
Document 2

Statistical-based Quality
Assessment

Evidentiary
Document n

Offline Process

Feature
Engineering

QRM Learning

Construction

Dataset

} Contribution {

Quality

Quality Recognition

Recognition
Model (QRM)

Online
Process

1. Automatic Data and Meta-Feature Engineering }
2. Normalization of Meta-Features /

Automatic Evidence Appraisal
Solution 2
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PICO Compliant Question Construction (1/8)

Existing Approaches

Unstructured

Information
Driven

A 4

Structured

\ 4

= Hard for human to understand the
semantics of the query
=  Poor results are reported in EBM

v

=  Manual

o Time consuming
=  Automatic

o Error prone

Proposed Approach

A 4

_—_—_—_—--_—_—_—_—_—_—_—_—_R

Knowledge
Driven

A\ 4

PICO compliant question construction
=  KAP Mapping Model
= Salient Term Identification

_—_—_—_—_\

ﬁ________—_—_—_—_—_—_—_—_—_

Time efficient for the busy clinicians
Better consistency irrespective of user
expertise level.

/

mgasaB— -
Moderate BB BB ..

v @EB@

Context Aware Grading

PICO-Compliant Question
Construction

Clinical Task Aware
Query Formulation

Statistical-based Quality .
Assessment u
eature

What is PICO?

This include This include This is an This include the

the primary intervention, optional part of goal to accomplish

problem, prognostic factor, PICO which such as improving

disease, or or exposure such mainly include health of a patient,

co-existing as diagnostic test the alternative survivorship of a

conditions. order, treatment to intervention. cancer patient etc.
plans.

Because, PICO facilitate the
well-built search strategy
based on four parts: (P), (1),
(C), and (O), which are well
matched with EBM Facets.

Why PICO?

The PICO
structure is
commonly used
in clinical
studies.

Using a well-formulated
guestion of PICO structure
facilitates searching for a
precise answer within a
large medical citation
database.

Solution 1 (A)
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PICO Compliant Question Construction (2/8)

_______________________________________________________________________________________________________

' = Structure level mappings to map diversified knowledge
~ representations to a one common structure of PICO.
- = Salient term identification through standard terminology services !

with concept matching and meta-concept matching. :

e P |1 [c o g
Identification

Solution 1-B

? Drop from
Terminology Source(s) query

=

Operator and Tag

Solution 1 (A)
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PICO Compliant Question Construction (3/8)

__________________________

e e e e e e e e e R =N I D —> P .| Where;
. ! ! ' D = Rule Data (Conditoins) concepts !
I KAP (Knowledge Alignment to PICO) Model | LA > o . .
| : : E - C (Opti D ! + A = Rule Action concepts !
R ptionat) | E = Event concepts i
| T Vocabulary System | . P — 0 (Optional) | | P = Purpose concepts |
I ; Concept Mapping i | TTTTTTTTTTTITIIIIIITIIIITT memmsmmmosomoosoooosoooosooooooooooooo
! 5 | ' PICO=D AA AE AP
I / Concept Salience Concept ; |
I .| Matching Identification Concatenation | | I n n n o (1)
I P e ——— —————————————— | I PICO = Ni—yDC; N NZoAC; A NiZo EC; N N{Z, PC;
1| I
I
| C 4 N |
: T e M """" ] Mapping Models KB = R.UR.U-U R
: ° i Structure Mapping : FRule gl KB ’ " — QTerm = executedDecision Path
|| » FRule is the set of fired rules
I ; Slot Concept . | C e
I { Identification || Extraction Preprocessing I 3 executedDecision = ¢ — d
| \f """""" | Ry — Ty = {t1, tz, -, ta}
| | executedDecisionPath =
| ‘ [ FRule = R, > Ty, = {tq, ty, ..., ty} p : decisoinPath; 3ry, rye er |
| ! — e e — I 000 (domr,U ry) »ranr, =
I Knowledg Knowledge 2 R, — T, = (ts, ty, . £,) ranr; = @Adomr, € (domr,Udomr,) -
] NMedical Lodic Guideline Shareable Active domp = (domr, Udomr;) A(ranp =ranr,)
: Moduleg Production Interchange Guideline
: E i t
: i (MLM) Rule (PR) Format (GLIF) 000 nvironmen ‘ (2)
e Decision Support System Knowledge Bases QTerm =Ty UT, U - UT,

[Afzal2015] Afzal, Muhammad, et al. "Knowledge-Based Query Construction Using the CDSS Knowledge Base for Efficient Evidence Retrieval." Sensors 15.9 (2015): 21294-21314.
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KAP (Knowledge Alignment to PICO) Model

Concept Mapping
/ Concept Salience Concept
> Matching Identification Concatenation

Vocabulary System

Structure Mapping

! Slot

; Concept
i | ldentification

! Prepr in
Extraction eprocessing

~N

Mapping Models

Guideline
Interchange
Format (GLIF)

Medical Logic
Module
(MLM)

Production
Rule (PR)

[Afzal2015] Afzal, Muhammad, et al. "Knowledge-Based Query Construction Using the CDSS Knowledge Base for Efficient Evidence Retrieval." Sensors 15.9 (2015): 21294-21314.

Shareable Active
Guideline
Environment

PICO Compliant Question Construction (4/8)

Structure Mapping

Control Structure Parsing
Resolving the semantics of different control structure

used in logic of a rule (if-then, case, looping etc.)

MLM Control structure parsing rules

Example |Logic

Explanation

IF (C =“v1”) THEN

Condition sentence: C =“v1”

A D =“d1”
Output: *d1 is recommended Decision sentence: D = “dl”
END IF
IF (C =“v1”) THEN For CDSS output “d1 is recommended”:
D =“d1” Condition sentence: C =“v1”

Output: “d1 is recommended”

Decision sentence: D = “d1”

B ELSE

For CDSS output “d2 is recommended”:

D =“d2” Condition sentence: C !="v1”
Output = “d2 is recommended” Where “!” represents the negation (not).
END IF Decision sentence: D: d2
IF (C=“vI") THEN For CDSS output “d1 is recommended”:
D =dl” Condition sentence: C =“v1”

Output: “dl is recommended”

Decision sentence: D = “dl”

ELSEIF (C in (v2”, “v3”)) THEN

For CDSS output “d2 is recommended”:

D= “d2”

Condition sentence: C in (“v2”, “v3”)

Output: “d2 is recommended”

Decision sentence: D = “d2”

C  [ELSEIF (C =*v3”) THEN

For CDSS Output “d3 is recommended”

D =“d3” Condition sentence: C =“v3”
Output = “d3 is recommended” Decision sentence: D = “d3”

ELSE For CDSS output “d4 is recommended”
D =*“d4” Condition sentence: C !=“v3”

[/ NIRRT /[ SRR D L1

MNAAfiniAam Anambaman TY @14

14
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PICO Compliant Question Construction (5/8)

15

I E]‘:PI‘"‘”‘“:" [ ExpertiBaaiLI
KAP (Knowledge Alignment to PICO) Model | D i i
I -:’ u n: Version 2.7::
o Vocabulary System | o o o Library
; Concept Mapping ; I r )
| | | J
/ Concept Salience Concept ; [ E 1. oorai Data
' | Matching Identification Concatenation | ! 1 2 ;{ et < ot e et e e |
P i i ; S J
e, I ol PrGTTy L - -
Zj ?;\_1:. user evake i Loglc
I I ;I’ f ( varTrestmentintent is eausl to Pallistive ) N
I 1 .
c| ([ AY 3
o CoTTTTTTTTTTTTTTTTTTTT Mapping Models 4 )
O i Structure Mapplng I ;f .;.r;l':'ltq recommendid treatwent plan is Radiotherapy” )
i | - | i
B Slot Concept : I — /
! cpe s . Preprocessin e i
'| Identification || Extraction P g I o Action
i YA o \
| (Treatment Intent = “Radical” AND
| Clinical Stage T =1
T “ I o J
- e fmmmmmmmmneg Then Conditions
s ™
TS Treatment Plan = “Surgery” AND
Medical Logic . Guideline o “Radiotherapy”
Module Production Interchange Guideline \ J
Rule (PR) 9 Environment Action
(MLM) Format (GLIF) (X X J

Production Rule

[Afzal2015] Afzal, Muhammad, et al. "Knowledge-Based Query Construction Using the CDSS Knowledge Base for Efficient Evidence Retrieval." Sensors 15.9 (2015): 21294-21314.
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PICO Compliant Question Construction (6/8)

Concept Mapping

| |
I KAP (Knowledge Alignment to PICO) Model I Existing Approach: Consider every concept used in the query is
| f I important.
I i““““““—_“““C“_O_Hg_e___'E__I\_}I_;““:I_‘;“““““““—“““‘: Vocabulary System :
: I ' ..
: § P PRINg , I Proposed Approach: Only a subset of the concepts is important.
I ] | Concept Salience Concept ] I
I || Matching Identification Concatenation | | I STerm € QTerm=DUA
I P I STerm = STI(QTerm)
Lol G i (3)
I I Where, STI: Salient Term Identification algorithm
C
I Co T e LT Mapping Models | . .
1 |O | Structure Mapping | String Matching
| i ! I x) = ¢;| |C
I \4 Slot Concept Preprocessing | | I / ﬂ g (3.1)
I || ldentification Extraction I and VC; € QTerm, VC; € O
| |
| I Synonym Matching
: : g(x) = C;.labels ﬂ C;.labels
| Knowledge Knowledge 2 K”°W|édge I and VC; € QTerm,VC; € O 32)
MR Viedical Logic . Guideline Shareable Active S
| Module Fl;ro:juzzgllg)n Interchange EnGVL:'rg?]Ig:nt 1 L
: ule ! Where,
|| (MLM) Format (GLIF) (X X ) i| - ] ] )
B e S I L M is the set of string based matching techniques

O is the ontology (e.g. SNOMED CT ,UMLS)

[Afzal2015] Afzal, Muhammad, et al. "Knowledge-Based Query Construction Using the CDSS Knowledge Base for Efficient Evidence Retrieval." Sensors 15.9 (2015): 21294-21314.
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PICO Compliant Question Construction (7/8)
——————————————————————————————

| :
| KAP (Knowledge Alignment to PICO) Model IApproach A: Consider every concept used in the query is important,
| I
| ( \ | I Approach B: On/y a subset Of the concepts is important. I
I ; Concept Mapping ; I
I _J C i sali C N i I Algorithm 1. Salient Terms Identification (STI)
I ; oncep alience oncep ; | -
I / Matching Identification Concatenation | eem
| P __ I inputs: CTerm — {ty, t,, ..., t,}; //the list of m (condition terms) extracted from rules
I | \ ) I output: STerm — {ty,ty, ..., t;n}; Il the list of m (problem terms), where m <n
I C I 1. STS; /* Where STS is the Terminology Service of SNOMED CT
I o e TR Mapping Models I 2 el '_: . L 1l —_—
| 0) i Structure Mappmg i [ 3 |f(STS.Concepts.eX|st(|))the'n
i i | 4, parent < getParent(i);
: \—1 Slot Concept b I 5. if (parent = "clinical finding") o |
i e .. . Preprocessin i . Standard terminology service
I ‘| ldentification Extraction P g | I . PTerm.add(i); (STS) gy
i ' 7 Endif :
| " W | 8 Elseif ( STS.Synonyms.exist(i) ) then
- | 9. PTerm.add(i);
e : | 10. o
I :"""""'"'::::::_:I—"""""'": """"""" B — ----------;j,-.."—"::: ---------------------------- ‘r------------: I 11. Endfor
I | ("Knowledg Knowledge Knowledge 3 O 12 return STerm;
] - - — Shareable Active B End
| i Medical Logic Production Guideline ag:jidgling ive o UMLS = MetaMap Service and SemMap Service
| Module Rule (PR) Interchange Enviranment l SNOMED CT - The IHTSDO SNOMED CT Service
I | (MLM) Format (GLIF) (X X/ O
I L e e e e e e e e e e e e e e e : I

[Afzal2015] Afzal, Muhammad, et al. "Knowledge-Based Query Construction Using the CDSS Knowledge Base for Efficient Evidence Retrieval." Sensors 15.9 (2015): 21294-21314.
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PICO Compliant Question Construction Example (8/8)

Medical Logic Module

[ ExpertMLM1 [ Expert1BilalMLIM1

1 maintenance:

2 title: Palliative Treatment By Phvsician 3:;
ninname:  Palliative Treatment By Physician 3 ;:
arden: Arden Syntax ¥2.7::

version:  Version 2.7::

institution: SKHCH :

author: Dr. Physician 3;:

specialist: Or. Physician 33

dater 13/01/2015; Libra ry

validation: testing::

((Vibrary:
purpose: Experimental testing::
explanat ion: Experimental testina;:

Swomeam o e

H[SoNe I IJIERAOVIENILI P | C 6

Treatment Intent Radical AND Tumor Stage 1
AND Surgery AND Radiotherapy

keywords:  Oral Cavity):
citations: 5

3
7

knnw\e@; A o Data

<

data
2 LET varTreatment Intent = BE Read { Select Treatment nten from CI ientDE]

CDSS Recommendation

Surgery is recommended Treatment B Logic

e if { varTrestmentIntent is ecusl to Palliative )

2 {

2 Conclude true:

2 F

21 Else

kil

a Conclude false:

3 F

33\

3 FECTON 7

kel Urite "The recommended treatment plan is Radiotherapy”

36 tesources:

a7 default:

38 language: )

3g | ert

40 =
l Action

Solution 1 (A)
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il
Why So

ution 1-A is not sufficient?

PICO Compliant Questions

PICO

Treatment Intent Radical AND Tumor Stage 1
AND Surgery AND Radiotherapy

Search results
Items: 1to 20 of 58

Page |1

Radical cystectomy in the tred
Stein JP, Lieskovsky G. Cote R, Groshen 5. Feng AC, Boyd S, Skinner E. Bochner B, Thangathurai
D. Mikhail M, Raghavan D, Skinner DG.

J Clin Oncol. 2001 Feb 1;19({3):666-75.

PMID: 11157016

Similar articles

Marriage and ethnicity predict treatment in localized prostate carcinoma.
Denberg TD, Beaty BL. Kim FJ, Steiner JF.

Cancer. 2005 May 1,103(9):1819-25

PMID: 15795905  Free Article

Similar articles

Radical radiotherapy for stage I/ll non-small cell lung cancer in patients not sufficiently fit for or
declining surgery (medically inoperable).

Rowell NP, Williams CJ.

Cochrane Database Syst Rev. 2001;(1):CD002935. Review. Update in: Cochrane Database Syst Rev. 2001:
(2),CD002935.

PMID: 11279780

Similar articles

Radical prostatectomy after radiation therapy for cancer of the prostate: feasibility and prognosis.
Rainwater LM, Zincke H.
Ilrnl 1082 Nar14NR14RR.0

of 3 Mext= Last==

asive bladder cancer: long-term results in 1.054 patients.

Data / Knowledge

Data/

Source

Voderte BB B O ..

v @BES

+  Clinical Task (Therapy)

Solution 1 (B)

Results: 5 of 23

Radical treatment of synchro
cell lung carcinoma (MSCLC):
factors.

gus cligometggfatic non-small
Ny es and prognostic
Grifficen GH, Teguri O, Dahele M, Warner A, de Haan PF, Rodrigues GB,
Slotman BJ, Yaremko BE Senan S, Palma DA.

Lung Cancer. 2013 Oct; 82(1):95-102. Epub 2013 Aug 6.

[Recent advances in the treatment of laryngeal and
hy popharyngeal carcinoma].

Eckel HE.

HMNO. 2012 Jan; 60(1):6-18.

Extra-pleural pneumonectomy versus no extra-pleural
pneumonectomy for patients with malignant pleural
mesothelioma: clinical outcomes of the Mesothelioma and
Radical Surgery (MARS) randomised feasibility study.

Treasure T, Lang-Lazdunski L, Waller O, Bliss JM, Tan C, Entwisle J, Snee
M, O°Brien M, Thomas G, Senan S, et al.
Lancet Oncol. 2011 Aug; 12(8):763-72. Epub 2011 Jun 30.

Effects of change in rectal cancer management on outcomes
in British Columbia.

Phang PT, McGahan CE, McGregor 3, MacFarlane JK, Brown CJ, Raval
MY, Cheifetz R, Hay JH.
Can .J Surg. 2010 Aug; 53(4):225-31.

Knowledge
Processing

PICO-Compliant Question
Construction

Clinical Task Aware
Query Formulation

Clinical Tesk| | Query
Recogmtion  Vaiidation

P 1 C O
P—
Concepthtagpings |+ eI

Anstemeonition | Yurminadogy Sarvee

rliiclo

AP Model

Context Aware Grading

Finding Grade Feature

Engineering
Aggregate Context Generntion Corpen QRM Leaming
Construction
Quality
Recognitson

Onina
Proces

Clinical Task Aware
Query Formulation




PICO-Compliant Question 2 0
Construction

Clinical Task Aware
Query Formulation
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Clinical Task Aware Query Formulation (1/3) - =
____________________________________________________________________________________________________ Anesma ==
. = Clinical Task represents the user task.
= Technically, clinical task refers to the semantic category/group |
. in vocabulary systems such as SNOMED CT, UMLS.

Semantic Category Clinical Task

™ T TR eE Em o Em o Em o Em o Em R EE o Em e e 1 Clinical Finding Diagnosis

I No | Procedure Therapy

. )

’ I

[/ v Y v

[ Get Intervention Col-r?cs; . e Evaluate Clinical ! Translate Clinical

Concepts (code) 5 P Task ! Task

I A o A I

1

; No Yes l

: | = —-———- 1
P A TS TTTTT ST T T E | v v | Information l
. Existing Approaches Differences , Match Coded : Is Top I 1| Needs Mapping I
: i i | [ »  Find Parent 5 [ [
, " PubMed provides the purpose filter through the | | Concept . Parent: : 4 I
! advanced search facility. : e g ' | ! 7
1 = Majorly missed or manually added I : I Query
b e e e e e e e e e e e e e e o B Terminology P S |

: < I Validation
Service | |
_______________________________ | —_——— == =
| Proposed approach, provides the ! Terminology Source(s) = PICO Question is verified to reflect -1
! opportunity to get precise results, we need — the user needs e 2 ,
|
|

! : :
' to add domain context to the question. shall provide the interactive mode

facility.

| |
I I
I I
| = if modification desired, the method :
|

| |
| |

[Afzal2015] Afzal, Muhammad, et al. "Knowledge-Based Query Construction Using the CDSS Knowledge Base for Efficient Evidence Retrieval." Sensors 15.9 (2015): 21294-21314.
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g Clinical Task Aware Query Formulation (2/3) reemresee

Vocabulary System

Root
Clinical Task Recognition (CTR) and Translation Algorithm . /f v’\\
op
*Ultimate Parent finding parents )z / N\ N\
Begin N =Y e
inputs: I, C - {t1,t2, .., tk }; // the list of intervention terms AX \ A \
output: TP - {p1, p2, .., pk}; // the list of top parent concepts 7
r———==—==== - == s SN N LA
for each cin I | STS is a Standard Terminology Service I
parent = STS.findParent(c) I o STSis available for UMLS and SNOMED CT |
if (parent == top parent) I o UMLS > MetaMap and SemMap services | /\ / \
e AddParent(PC, parent) || ,  gNOMED CT > IHTSDO service ,I A
call STS.findParent(parent)
end if
end for

*Clinical Task Translation (CTT)

- -
—
return PC; j

*Clinical Task finding Begin
inputs: B; //where B represents the query type
for each cin PC output: B'// where B'is translated term of parent concept B
Begin if ( B = “clinical fin
cDist[] = countDisctinct(c [ B'<-"Diagonis";
End elseif ( B = “procedure”)  mm e o= o o o o o - - — — -
QT = cDist with highest value E'G"Therapy"? I Translation is required by the target search :
return QT endi | . .
£ eum g, LNgine torecognize the correct document type.
End

[Afzal2015] Afzal, Muhammad, et al. "Knowledge-Based Query Construction Using the CDSS Knowledge Base for Efficient Evidence Retrieval." Sensors 15.9 (2015): 21294-21314.
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Clinical Task Aware Query Formulation (3/3)

Semantic Category|  Clinical Task
Clinical Finding Piagnosis

Existing Approach i — g:mm =
Approach A: From information needs to PICO L .

|

s, Manual > Query A
8 Provide [ PICO ]{ ...........................

Information
Needs Mapping
A

Query i
Validation
‘erminol ng,_
Source(s) g :

Proposed Approach N R

Approach B: From information/knowledge to PICO to information needs

Transformation

Information Needs
Service

user Automatic — Query

Information need represents the
intended question user is interested |

1) (usually in natural language format).
P|CO perarerserarerserarannan ----- - Create |nformation . e .|I
o [ rransformation [N T eeds guemale. T PlcoQuen  query is the search engine acceptable
‘\ok A A i . i
) AT 2 fepresentation.
U “....Manual).__
’_ g 9 -----------------------------------------------------------------------------------------

Dual validation: Semantic group based validation using extended
Iﬁ_ ' STl algorithm and human verification of information needs.

[Afzal2015] Afzal, Muhammad, et al. "Knowledge-Based Query Construction Using the CDSS Knowledge Base for Efficient Evidence Retrieval." Sensors 15.9 (2015): 21294-21314.
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EX p e I’I me ﬂtS Re SU |tS Results (Comparison between Sol-A and Sol-B)
P10 MP
06 03 e& 0.28
Document Retrieval Accuracy 2

PRECISION

01

P10: Precision at 10 retrieved documents

0 0.05
P10 = -2 s .
- —#— P10 PQ (Baseline) 0 0.1 0.1 0.25 0 0

0.25 ot
o Sol 1-B . \&Q‘
# Evaluation Criteria [Wilczynski2005] . 01‘5 &Qef’
= P10, MP, TDDR, MRR 02 )A_/\ | >

a + b ——P10 AQ 0.2 03 0.2 0.5 0.2 PQ (Baseline) AQ
A = true positives, articles found by the search term meet the criteria
. . o TDRR MRR &
b = falise positives, articles found by the search term do not meet the criteria . oo &6‘?’ 005
. ' <O :

itle

TDRR

P10 = (Precision x10) ...Scaled P10 when no. of docs < 10 12 T os0 ef,'\((\Q
10 : TR
MP: Mean Precision for all queries 0s S0l 1-A goso Yo
TDDR: Total Document Reciprocal Rank > : égg l
MRR: Mean Reciprocal Rank for all queries 02 010

0 0.00
a1l Q2 Q3 Q4 Qs PQ (Baseline) AQ
—e—TDRR PQ (Baseline)  0.17 062 0.15 0.83 0.16
<¢> Experlmenta| Setup —=—TDRR AQ 0.81 1.46 0.67 0.83 0.87

m PubMed search engine
s Medline database is used for searching
# Dataset
m 7 MLMs from public domain [Maq2015]
s 3 MLMs are additionally created by domain experts

Evaluations:

= P10 for AQ (Sol 1-B) performance is found better than PQ (Sol 1-A) for all the
queries.

= MP for AQ showed 3 times improved performance to PQ.

= PQ performed poorly in all cases for TDRR except the fourth query

= 15 queries derived from selected MLMs » AQ showed around 1.5 times improved performance than PQ in MRR.

[Afzal2015] Afzal, Muhammad, et al. "Knowledge-Based Query Construction Using the CDSS Knowledge Base for Efficient Evidence Retrieval." Sensors 15.9 (2015): 21294-21314.
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Experiments Results

Document Retrieval Accuracy Query Writing Time

Complex Queries

# Evaluation Criteria

L S
m Query writing time (minutes) average ueries [ —
Simple Queries r
@ Experiment enVironment 0.00 0.50 1.00 1.50 2.00 2.50 3.00 3.50
m Three type of queries u Everage Users Simplz;l;eries Averaglegueries Complg:;;lueries
W Expert Users 0.36 061 1.90

o simple (consisting of <3 terms)

Time (minutes)

o average (consisting of between 4 and 8

terms)
o complex (consisting of >8 terms)
Evaluations:
m Experimentis performed by writing the = Qverall, the automated query construction process saved on the
auto constructed queries manually in average about 0.90 minutes for all quarries.
PubMed browser. = For the expert users, it saved 1.75 minutes on the average for all
m Two type of users: average and expert. queries.

[Afzal2015] Afzal, Muhammad, et al. "Knowledge-Based Query Construction Using the CDSS Knowledge Base for Efficient Evidence Retrieval." Sensors 15.9 (2015): 21294-21314.
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Solution 1 Summary

PICO Compliant Question Construction

Clinical Task Aware Query Formulation

Contributions

Mapping Model (KAP) Construction

Salient Term Identification

Clinical Task Recognition

PICO Query Validation

Solution 1 (A)

Solution 1 (B)

25

Need for Solution 2

—

e

Query:

“oral cavity cancer”,

Document 1

Format: Abstract » Send to~

Laryngoscope. 2015 Aug: 125(8):1868-73. dok 10.10021ary.25328. Epub 2015 Jun 9.
Complications and mortality following surgery for oral cavity cancer: analysis of 408 cases.

@ Author information

Abstract
OBJECTIVES: To analyze the postoperative compiications and mortality
factors associated with their occurence.

STUDY DESIGN: Retrospective cohort study

eir time course, and to identify modifiable risk

METHODS: Patients undergoing surgery for oral cavity cancer were identified in the Amesican College of Surgeons National Surgical Quality
Improvement Program Participant Use Data File (2005-2010). Overall and disease-specific complication and mortality data were analyzed using
chi-square and multivariate regression analysis.

RESULTS: There were 408 cases identified. The overall 30-day complication and mortality rates were 20.3% and 1.0%. respecti
common adverse events were reoperation (9.6%). infectious (6.6%). and respiratory (5.1%) complications. Twenty patients (4.
postdischarge complications. Fifty-two percent of postdischarge wound dehiscences and 67% of postdischarge surgical-site infections occurred
by postdischarge day 7. and 91% of all postdischarge complications occured by postdischarge day 14. Smoking was independently associated
with respiratory (odds ratio [OR] 3.59. P=.008) and surgical site complications (OR 5.13, P =.004) Neck dissection was independently
associated with respiratory (OR 6.17, P= 001). surgical site (OR 6.30. P = 003), and infectious (OR 3.83, P =.003) complications.

CONCLUSION: Current smokers and those undergoing neck dissection are at high risk of postoperative complications after oral cavity cancer
surgery. Less than 5% of patients experienced postdischarge compiications, nearly all of which occurred by postdischarge day 14. Most early
postdischarge complications occumed at the surgical site. In order to mitigate postdischarge complications and their sequelae, early clinical
follow-up should be sought for high-risk patients

LEVEL OF EVIDENCE: ¢

© 2015 The American Laryngological, Rhinological and Otological Society, Inc

KEYWORDS: Head and neck cancer, NSQIP; oral cavity cancer

Document 2

BMC Cancer 2015 Oct 31:15:827 dor 10.1185/512885-015-1841-5.

Population attributable risks of oral cavity cancer to behavioral and medical risk factors in France: results of a
large population-based case-control study, the ICARE study.

CyrD%2 Lap E2 Ly D Study Group.

RadoiL ' Memiele G

® Collaborators (27)
@ Author information

Abstract

BACKGROUND: Population attributable risks (PARS) are useful tool to estimate the burden of risk factors in cancer incidence. Few studies
estimated the PARs of oral cavity cancer to tobacca smoking alone, alcohel drinking alone and their joint consumption but none performed
analysis strafified by subsite, gender or age. Among the suspected risk factors of oral cavity cancer. only PAR to a family history of head and
neck cancer was reported in two studies. The purpose of this study was to estimate in France the PARs of oral cavity cancer to several
recognized and suspected risk factors, g ite. gender and age.

fes and 3481 controls included in a population-based case-control study, the ICARE

WE%d to estimate odds ratios (ORs), PARs and 35% confidence intervals (%5% CI}

RESULTS: The PARs were 0.3% (95% C1 -3.9%; +3.9%) for alcohol alone, 12.7% (5.9%-18.0%) for tobacco alone and 69.9% (64.4%-74.7%) for

their joint consumption. PAR to combined alcohol and tobacco consumption was 74% (66.5%-79.9%) in men and 45.4% (32.7%-55.6%) in

women. Among suspected risk factors, body mass index 2 years before the interview <25 kg.m(-2), never tea drinking and family history of head
%

CONCLUSION: Our study emphasizes the role of combined tobacco and alcohol consumption in the oral cavity cancer burden in France and

gives an indication of the proportion of cases attributable to other risk factors. Most of oral cavity cancers are attributable to concument smoking
and drinking and would be potentially preventable through smoking or drinking cessation. If the majority of cases are explained by recognized o
suspected risk factors in men, a substaniial number of cancers in women are probably due to sfill unexplored factors that remain to be clarified by
future studies

DOl 10.184

Free PNIC Article

Based on keyword matching technique, both documents

will be retrieved and both will have equal importance
because they there exist one match in each with the query.

A well-built query can only provides relevance. It cannot

guarantees the quality of the contents.
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eAutomaUc Evidence Appraisal [ e ko

Existing Approaches Differences

= |nsufficient and unreliable datasets

= Manual engineering of meta-features
= Non-normalized meta-features

= Based only on resource context

Disadvantages

= Time consuming for experienced physicians
= Hard for inexperienced users (nurse, patients)
= Comparatively less accurate

Solution 1
Automatic Evidence Acquisition

Data / Knowledg Construction Clinical Task Aware

”:

Query Formulation

nnnnnn

Data /
le

Kn

gl
2

1.Mapping Model Construction } Contribution { L.Clinical Tas.k Re:cognition }
L 2.Salient Term Identification 2. Query Validation

Statistical-based Quality

Context Aware Grading Assessment

Finding Grade

Aggregate Context Generation

Contribution [ 1.Contextual Mapping Matrix Acquisition ‘r Contribution : 1. Automatic Data and Meta-Feature Engineering |
" 2.Aggregate Matrix Construction and Parsing L 2. Normalization of Meta-Features

Automatic Evidence Appraisal /
Solution 2

Solution 2 provides methods to identify quality

evidences on the basis of a statistical model that

uses.

= a3 dataset annotated by a team of expert

= An automatic method for meta-feature
engineering

= User and resource aggregate contextual grading

Quality Evidence Definition:

An evidence is considered as scientifically rigorous if its analysis is consistent with the study design [21]

Solution 2 (A)  Solution 2 (B)
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Abstract Methodology

Pubkﬂﬂ] —@)—

QUALITY RECOGNITION

-
) Feature . " . = ) « 4 _ .
> ecog W Quality recognition model (QRM) is Statistical-based Qualit

= Preparation CReRyJR &g — a supervised classification model Q Y
-

developed on a dataset annotated Assess me nt
QRM Model by a team of professionals.

CONTEXT AWARE GRADING

_ Context aware grading (CAG)
Context Aware | method is developed based on user

Evidences Grading context (e.g. type & goal ) and
— [ - resource context (e.g. publication

i type) to express the strength of the
Contextual Mappings recommendation.

Context Aware Grading

EEees
=all M:Moderate ®
R

Solution 2 (A)  Solution 2 (B)
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Statistical-based Quality Assessment (1/5)

Feature Engineering \

PICO Query

Pl jcloffcr

Document
Retrieval

Feature Vector N Feature
Creation Normalization

» Model Execution

- e e | - -
A

l

I

I

I .

g Preprocessing
I

\

(0

Online Process PublQed ! % |
--------------------------------: E
Offline Process T TS TT T o T T T T T T T \ . Quality

( Feature Engineering Quality | Evidences |

Recognition | = Y-mmmmmmmm-----

I
- |
Document L] Preorocessing b» T::tu(:f || Feature I Model (QRM)
Data Set i | P g : 3
I |

ML Algorithm Selection

Retrieval . Normalization
Creation

A

\ 4

y
Document IDs, \

Class Value

n
WSM-Score _ A, 1=
Model Learnmg A “ Zj wjay,fori=1,2,3,..,m

KNN  NB DT SVM

Solution 2 (A)

—————————————— -_—e— -

Training
Corpus

Ll ]
SE
.
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Statistical-based Quality Assessment (2/5)
Dataset Selection

Dataset Issues R.B Haynes

. . Chief, Health Information Reserach Unit, McMaster University
" For StatIStlcal d pproaCheS, the most Editor, ACP (American College of Physician) Journal Club

crucial part is the selection of dataset.

= Small dataset are not trustable.

= Annotation from the domain experts S racte 3F dataca
W|th acceptab'e mutual agreement. Sno. PubMedid | Format HHC Purpose | Rigor |
1 10601047 O TRUE P FALSE
. o1s T 10601048 O TRUE P FALSE
. Avallablllty and FE|IabI|Ity g 10601049 O TRUE SE FALSE
50593 10601388 GM FALSE FALSE
50594 10601389 GM FALSE FALSE

Dataset in Proposed Method
“
= A dataset that was manually created by -

O: Original R: Review mlsc;raenrsozz CR: Case True False
a team of experts. study cellaneous || oport
= An agreement (authorship inclusion)

signed with R.B. Haynes. Freatment

False

P: Prognosis E: Etlology o0 Teue

Dlagn05|s ‘

[Afzal CAG2016] Afzal, Muhammad, et al. "Context Aware Grading of Quality Evidences for Evidence-based Decision Making™ Health Informatics Journal (SAGE) (Minor Revision)
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Statistical-based Quality Assessment (3/5)
Feature Engineering

y \ 4 | -
» Title L2
Filter S
- » Tokenization UEISETE Remove Stemming . — 2
Extract Data Case Stop Words okens 5
> » Abstract bt
Feature I y'y y'y o
Evidentiary =
Document Token Break: Space Min Length: 2 %
> Data Features Max Length: 100 o
(_ (Raw form)
= Meta-feature (MeSH Headings), is prepared manually.
v
Extract = Publication is not retrieved in the normalized form.
Metadata Metadata §
Feature Features 8
(Raw form) e =>
—_— Publication . . | Transform | Publication Type ge)
> » Tokenization > > . .. =
Type Case Normalization o
=
©
i
S
» MeSH » Tokenization N UEDEE 3
Case Q
—_— =

[AfzalCAG2016] Afzal, Muhammad, et al. "Context Aware Grading of Quality Evidences for Evidence-based Decision Making™ Health Informatics Journal (SAGE) (Minor Revision)
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Statistical-based Quality Assessment (4/5) Clinical Task  Resource Type

Prospective, blind comparison

Feature Extraction Algorithm Fe at ure E N g| nee r| N g Diagnosis to a gold standard or cross-

Begin sectional
inputs: PMIDs — {id1,id2, ..., idn}; //list of PubMed ids of training dataset Thera py randomized controlled trial >
output: F— {fi,f. fz, fu} /*where fi = title, f, = abstract,f; = cohort study
MeSH, and f, = publication type */ Publication Type Standardization Algorithm :
_ Prognosis cohort study > case control >
1. Let ePostResultRef is the reference to the database of uploaded IDs Begin case series
2 ePostResultRef « ePost(PMIDs); //upload the PMIDs list to PubMed database ] o )
3 eFetchResult « eFetch(ePostResultRef); //download the documents inputs: A—{a;,as,..., a,); /e st of articles .
4. output: A'—{ay,a,, ..,a,}; // thelist of articles with standardized publication type Harm/Et|OIOgy COhort > case ContrOI > case
5. fori= 0toeFetchResult. count — 1 series
P 1. Let;
6. fi < i.title;
7 F. add(fll- 2. pt represents publication type;
g, fz « i.abstractText; 3. rank represents the rank of pt;
9. F. add(fz ) 4. tempRank = 0; // holds the previous rank temporarily for comparison q q
10. fo <" 5. sptrepresents the standardized publication type; PUbIIcatlon Type
11. forj=0toiMeSHHeading. count — 1 6. foreachainA
12. fa < f +i.MeSHHeading; 7. o Meta-analysis of RCTs 1
13. endfor 8. pt « a.getPublicationType();
14. F.add(f3); 9. rank « getRank(pt, R); /{whereRisthe rank table for publication types. . .
15. fo < . Systematic Review of RCTs 2
10. if (rank > tempRank)
16. form =|J to i. publicationtype. count — 1|
_ — 11. tempRank « rank;
17. fae fo+ .7 +ipublicationtype; . .
18, end for 12. spt < pt; Randomized Controlled Trial (RCT)| 3
19. F.add(f,); 13. endif
14. while (a. getPublicationType exists)
20. endfor g P .
21. 15. a.PublicationType « spt; Meta-a nalySIS of CTs 4
22, ReturnF; 16. A'.add(a);
17.  endfor Systematic Review of CTs 5
End 18. return A';
End

[AfzalCAG2016] Afzal, Muhammad, et al. "Context Aware Grading of Quality Evidences for Evidence-based Decision Making™ Health Informatics Journal (SAGE) (Minor Revision)
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Statistical-based Quality Assessment (5/5) 10-fold cross

Quality Recognition Model validation
Machine Learning Method Selection
= Aset of methods have been tried. " E
= DT, SVM, NB, and kNN ranked on the top -
Training Testing . @ E::g (:: :
Algorithm/Criteria  F-Measure = Accuracy AUC F-Measure = Accura AUC Sum Score  Scaled Ranking ° © W o per])
SVM 0.849 0771  0.807 0.735 o B b

L = 5]
DT 0914 > 03883 0.969 0.289 0.316 0.762 4.134 0.69 “ @

NB 0.835 0.764 0.752 0.721 0.602 0.548 4.223 0.70 .
KNN 0.812 0.707 0.782 0.847 0.752 4.678 0.78

:______________________________________________________________________-; exa EIE) war ] exa mod Iab)
: / MIS.H’I_SCOTE - | m T - .. - v W : @ ori [) exa E.=- w unl "uj mad [}
AT =) o Wy, fori =123, m . o T :
0

SVM Parameter Setting = Complex cost parameter C values less than
— [200 I 0.0 showed similar results to C = 0.0. i g
c [oo |'| = Similarly, values greater than 0.1 produces £
convergence epsilon [0_001 l almOSt Slmilar I’eSU|tS tO C = Ol
max teratons [ 100000 |'| = The kernel cache value is set to 200 and

) scale | maximum iterations is set to 100000.
E |+ Finally we were leftwith c = 00and c =01 | | QR is @ binary classification model used to predict
[ro || 1o choose from however, C =00 for our | i methodologically rigorous articles (high quality

_ experiment produced better results as
seter e 'l comparedtoC=0.1. evidences).

[AfzalCAG2016] Afzal, Muhammad, et al. "Context Aware Grading of Quality Evidences for Evidence-based Decision Making™ Health Informatics Journal (SAGE) (Minor Revision)
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@ Context Aware Grading (1/3) User Space e SR

Existing approaches

= Rely mostly on resource context to grade
ewdences}/ Sarker2015].

o Publication type
o Publication avenue
o Publication

Issue:

= Missing to reflect the stakeholder (user)
aspects

o Role, Goal, Environment

33

= SORT (Strength of Recommendation Taxonomy)

s o is a well-recognized grading system in EBM
. Proposed Approach community [Ebell2004]. I

‘= Add user context with resource context e ‘
(SORT). '

‘= Based on PARIHS Framework [PARIHS2004]
. and Verbert Context Framework [Verbert2012]

[AfzalCAG2016] Afzal, Muhammad, et al. "Context Aware Grading of Quality Evidences for Evidence-based Decision Making™ Health Informatics Journal (SAGE) (Minor Revision)
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@ Context Aware Grading (2/3)

~ (€1, P1)
C1
/ - \(CL P2)
User Aware SORT-Based Evidence Grading A ‘
4 Evidence
User Context ‘_ | 2 Pl)//
-\\\\. ///
Contextual mapping tables (;2 / ‘
m Literature-based | ©2p2)

= Expert-based
o Questionnaire
filled from the
domain experts

~analysis |
| o [Ebell2004], |

User Type
st Question Type

[Wilczynski2005],
[WG2004].

Study Type
User Context

Grade value population for an evidence with respect to contexts

Best Research

Context\Evidence | P1 P2 ... | Pn Evidence
Cl (HorMorLorU) | (HorMorLorU) e« | (HorMorLorU) .8’
¢ %
NS
C2 (HorMorLorU) | (HorMorLorU) (HorMorLorU) 5. ’Db\
Contextual Grading M: Moderate @' G
ISHFAN
O
S S
Cn (HorMorLorU) | (HorMorLorU) <+« | (HorMorLorU) (/)

[AfzalCAG2016] Afzal, Muhammad, et al. "Context Aware Grading of Quality Evidences for Evidence-based Decision Making™ Health Informatics Journal (SAGE) (Minor Revision)
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Context Aware Grading (3/3)
___________ f St prospective, blind comparison to a gold i Resou rce i
. User context is e —=—]! context is |
i ca ptu red from i Therapy randomized controlled trial>cohort;dy)created from i
- : - | | ~— | |
ConteXtuaI EVIdence Gradlng Algorlthm : thetsource : PrOgnOSlS cohort study>case control > case series : thte .PUdeVIed :
o system | » retrieve |
Begln ________________________ Harm/Etiology | j\ort > case control > case series i documents i
input: E<e> //the list of rigor evidences S |
Context\Evidence Pl P2 e Pn
output: G<e,g> // where g represents the grades h, m, 1, u
Let- Cl \’(ﬁorMorLc&)(HchorLorU} v+ | (HorMorL orU)
’ AN
C <C> //Current ConteXt C2 (HorMorLorU) | (HorMorLorU) | +++ | (HorMorLorU)
P <p> //properties of E
G <g> // grade values
. Cn (HorMorLorU) (HorMorLorU) | +++ | (HorMorLorU)
for eachein E /
i Aggregate Contextual Grade Values @ (HorMorLorU) | ... (HorMorLor—L-J:)“‘ or MorL or
foreachpinP / s J@

foreachcin C / / ‘/ ’

grade € computeGrade(p,c)

Aggregate Contextual Grade Vector Final Grade Value
G.add(grade)

endfor HCount = Z H;
endfor / =

finalGrade € getHighestGrade(G) MCount = " M,
GE < addGrade(e,finalGrade); Final Grade Value = Max | 4 »

endf LCount = Z L;
return GE; .

End UCount = Z U,:

[AfzalCAG2016] Afzal, Muhammad, et al. "Context Aware Grading of Quality Evidences for Evidence-based Decision Making™ Health Informatics Journal (SAGE) (Minor Revision)
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g Experiment Setup [

= Experiments e | | --‘

| N .

o Experiment 1: QRM Performance i

\ Entrez Utility Service Implementation ‘ i
1

o Experiment 2: CAG Performance | IR i
i Studies i
= Experimental Setup § E
o RapidMiner Studio Basic 6.5.002 - T _ E
. ! ; Quality Re cognition Model }<___‘ Feature Engineering .
o Windows 10, RAM 4GB ; Pl g ._ ;
o Search Engine: PubMed N . 5
E ( Less Quality Evidenceswg ‘ High Quality Evidenoes_\‘ :
: P it " : i Experiment
Ld E - _/.-l {_. I X h y . :
u EvaluathnS i Properties of an evidence"',’ :."‘ L P1 J L B2 J & P3 ‘ | Pn J R 1 E
o Statistical Evaluation (Recall, Precision, F-Measure, and Accuracy) T — SN T I
o Human Evaluation (two oncologists as domain experts) ] - Comem“;e ;v;em |
i (CAG) i .
—= Experiment
i ’,’:c. | ngh l--- r-|'\||'|edi un:/ \ Low W-----_--- -----------'Un h']()w;; ........ 2 i
= Dataset | P s > L
o Training Dataset: 5682 Therapy related Medline articles : P — 1 SRR R : J R GRRR
o Development Test Dataset: 1300 articles odedevilences i WM WL M MM L Lol iU UL b

[AfzalCAG2016] Afzal, Muhammad, et al. "Context Aware Grading of Quality Evidences for Evidence-based Decision Making™ Health Informatics Journal (SAGE) (Minor Revision)
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9 Experimental Results

Experiment 1: QRM Performance (SVM-Based Model)

A -
ACCUTAtY = TP Y TN + FP + FN)

____________________________________________________________

Where: TP = True Positive,
FP = False Positive,
FN = False Negative, and

| TN = True Negative

______________________________________________________

' SPT: Standard Publication Type
MeSH: Medical Subject Headings

Quality Recognition Model (QRM) Performance

100
\

\
\
1

1
1
1
i
1
1
I
I
I

(=]

6
5
4
3
2
1

Accuracy (%)
o o o O O

(=]

(=]

90
80
7
Title Abstract MeSH All
M Training 76.28 82.81 86.4 85.71 92.14
M Testing 73.31 75.46 76.9 79 ‘\80.15 l
V

-
- -‘-

= Title feature remains the lowest in both training
. and testing cases and abstract feature remains
. second lowest.

= QRM performed exceptionally well on the
. combination of all features with 92.14% accuracy
. on training and 80.15% on testing dataset.

[AfzallCACT2016] Afzal, Muhammad, Lee, Sungyoung, "Relevant Evidence Acquisition and Appraisal using Knowledge-intensive Queries" ICACT 2016

[AfzalCAG2016] Afzal, Muhammad, et al. "Context Aware Grading of Quality Evidences for Evidence-based Decision Making™ Health Informatics Journal (SAGE) (Minor Revision)
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g Experimental Results

2 o
9 FHee

(a) P10 (b) MP ¢
(\
= Evaluation Criteria v S
N «®
1 A 06 ( .\
\ l )
o P10, MP, TDDR, MRR : L i \((\e"\
v' P10: Precision at 10 retrieved documents : ”fh\'/\' o /
v" MP: Mean Precision for all queries C& 01 .
—&—PQ (Baseline) "] 01 01 0.25 0 5
. —— AQ 0.2 03 0.2 05 0.2 I[}[ha eling) AQ QRM
\/ TDDR: Total Document RECIprOCE\l Rank —d—ORM 067 0.75 1 05 04 P 0,09 0.28 0.664
v" MRR: Mean Reciprocal Rank for all queries (c) TDRR (d) MRR _xs
HE (oqe«‘
- . 16 ~ ~ 1.20
Experimental Setup o 6,&\«\ 5“«@
o 5 1 )
o PubMed search engine . 08 T g % 5
06 = 460 ((\e
0.4 . \-\
0.2 0.40
Quality Recognition Model (QRM) Performance on PT and SPT ° o o .
- ——PQ (Baseline) 047 0.62 0.15 0.83 0.16
PT vs SPT _ —I.—AQ ) c‘1s1 146 []‘.E:_.r’ 083 087 000 |Q,4m.,m AQ QRM
—d— QRM 169 1.83 15 1 05 = MRR 039 093
90 { 85.71 \
80.52 y2
80
70 . . . . . . -
. Comparison with existing approaches in quality recognition
50
:Z System Accuracy System F-Measure
20 [Sarker2015] 76.38 % [Kilicoglu2009] 65.90 %
10
0 Proposed System 80.85 % Proposed System 71.60 %
Non-Standard Standard Non-Standard Standard Non-Standard Standard
Recall (%) Precision (%) Accuracy (%) About 4% Better About 6% Better

[AfzalCAG2016] Afzal, Muhammad, et al. "Context Aware Grading of Quality Evidences for Evidence-based Decision Making™ Health Informatics Journal (SAGE) (Minor Revision)



Ubiguitous Computing Laboratory
Ky HEEIURIVETSIty IROTES]

*,

EX p e rl m e nta | ReS u |tS CAG Performance to grade evidences on the basis of context

900 70.00%
800 o
Experiment 2: Context Aware Grading (CAG) Performance . o
00 50.00%
T T T T T T T e 40.00%
' Out of 1355 documents, about 60% evidences are "
. graded as H which means highly beneficial for the e J000%
' physician. | 300 S
---------------------------------------------------------------------------------- : 200
e 100 10.00%
' This contextual grading helps to re-rank the 0 . v L . 0.00%
- documents by bringing H evidences on the top mmmm No. of evidences 808 266 110 170
fO”OWGd by M. e Porcentage 59.63% 19.63% 8.12% 12.55%
' For the given study, user context was Treatmentasa | L |
. user task and resource context was Publication Type. H = High . = Highly Beneficial
skl | 2 Moderate Beneficial
L =Low . = Less Beneficial

U = Unknown - Unknown

[AfzalCAG2016] Afzal, Muhammad, et al. "Context Aware Grading of Quality Evidences for Evidence-based Decision Making™ Health Informatics Journal (SAGE) (Minor Revision)
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Overall System Evaluation

——01 —EB—0Q2 a3 Q4 —s=05

70

Result evaluation for record reduction .

L T T e | % 50
" On average, 51% records are reduced | :

' when clinical task (CT) is applied. 2"

. § 30

‘= Further, 48% records are eliminated on | 2

the average when QRM is applied. | . \f

——

= Qverall, 75% records (on the average) are ! o Query Query + T Query + QT + QRM
. filtered out from the original query by — > ” X
. applying CT and QRM. | a3 25 10 2
e ' Q4 4 4 2
== ()5 61 18 18

[AfzalCAG2016] Afzal, Muhammad, et al. "Context Aware Grading of Quality Evidences for Evidence-based Decision Making™ Health Informatics Journal (SAGE) (Minor Revision)
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Overall System Evaluation

Comparison with PubMed Derivative Systems

60
* Proposed system
50 returned more
accurate results for
. 40
g Q1, Q2, Q3.
E 30
2 =  Stands second for
= 20 Q4
10 .
=  Stands third for Q5,
; [] — — however, there were
Q2 Q3 Q4 Qs .
m RefMed 18 15 ; 43 no results given by
m askMEDLINE 49 15 50 25 © iPubMed and
iPubMed 24 5 : ® @ askMEDLINE
Clinical Queries 23 12 10 1 18 )

B proposed System @ @ @ 2 18

[AfzalCAG2016] Afzal, Muhammad, et al. "Context Aware Grading of Quality Evidences for Evidence-based Decision Making™ Health Informatics Journal (SAGE) (Minor Revision)
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Uniqueness and Contribution

I Uniqueness
I Contributions

____________________________

Relevant Evidence

[ Clinical Task Aware PICO Compliant Question Preparation with mean precision improved from 0.09
to 0.28 (about 3 times) and Mean Reciprocal Rank improved from 0.39 to 0.93 (about 2.5 times).
L Preprocessing, string matching, phrase-operator concatenation, and MeSH expansion

Quality Evidence

O Corpus preparation with no manual efforts for Quality Recognition Model
O Achieved 80.85% accuracy with standardized publication type feature which has improved
the QRM accuracy by about 24%.

Contextually Fit Evidence

0 Context Aware Grading (CAG) graded about 60% evidences as “High”.

O Achieved an agreement value of 0.37 (with human) which is fair enough for the experimental results.

Introduction Related Work  Solution 1 (A) Solution 1 (B) Solution 2 (A)  Solution 2 (B) Experiment-Evaluation Conclusion
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Conclusion and Future Work

= Conclusion

o Patient Data and Domain Knowledge/experience alone are not enough always for
completing clinical decision process.

o For improved and confident decision, it is required to acquire not only relevant rather
quality evidences.

o We proposed and experimented a methodology that supports methods of automatic
evidence acquisition with PICO compliant question preparation and Grade the
evidence on the basis of user context.

= Future Work

o The work will progress to experiment the information extraction from the graded
evidences for rule mining.

o The algorithms developed for the accomplishment of this thesis can be extended to
acquire “precision medicine” data.

Introduction Related Work  Solution 1 (A) Solution 1 (B) Solution 2 (A)  Solution 2 (B) Experiment-Evaluation Conclusion
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Publications

.= Patents (3)
: o Korean — 2 Published
o International — 1 Applied

‘= SCI/E Journals (14)

o First Author — 2 Published, 1 Minor Revision, 1
Major Revision

o Co-Author — 9 Published, 1 Major Revision

.= Non-SCl Journals (1)
’ o Co-Author —1 Published

______________________________________________________________________________________

.= Conference (27)

o First Author (10)
* International (7)

* Domestic (3)
o Co-author (17)

-

Total Publications = 45

=

~

J
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