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IR and text mining in context of
biomedical knowledge management

All literature

Possibly relevant

Information
literature (abstracts)

retrieval

Definitely relevant
literature (full text)

| Information
Actionable extraction,
(Hersh, 2009) knowledge text mining

Personal journey in IR evaluation in
health and biomedical domain
SAPHIRE

Toward task-oriented evaluation

Factors association with successful searching
Domain-specific retrieval evaluation




Concept-based IR using UMLS
Metathesaurus (Hersh, 1990)

SAPHIRE =E—————"—""

Enter Query:
treatment of aids with azidothymidine

[

3] Save
Matching Concepts [Matches]: Status:
Acquired Immunodeficiency Syndrome [159] {} The top 10 of 164
Therapeutics [1720] | documents to view
Zidovudine [10] are listed below.

x| ||More I]ocumentsl

Matching Documents [Score]:

ACQUIRED IMMUNODEFICIENCY SYNDROME —- Management [100]
RETROYIRUS INFECTIONS -- Therapy for HIY Infection [72]

INFECTION IN THE IMMUNOSUPPRESSED HOST —- treatment [64]
IMMUNIZATIONS AND CHEMOTHERAPY FOR YIRAL INFECTIONS —- zidovudine
[60]

IMMUNIZATIONS AND CHEMOTHERAPY FOR YIRAL INFECTIONS —- ganciclorir
[49] 5

Set out to evaluate SAPHIRE and IR in
biomedicine

* Concept-based approach did not impart value
over word indexing and searching (Hersh,
JAMIA, 1994)

* Experience of several evaluations led to
concern with use of recall/precision (Hersh,
JASIS, 1994)

— How much difference is meaningful?

— How valid is batch evaluation for understand how
well user will search?




Led to “task-oriented” evaluation
approaches

Motivated by Egan (1989) and Mynatt (1992)
Major task in medicine: answering questions

* How can we evaluate systems in interactive
use for answering questions?

Undertook parallel approaches in

— Medicine — Using electronic textbooks and
bibliographic databases

— General news — TREC Interactive Track

Medical textbook — Boolean vs. natural
language (1995)

* Searching medical textbook (Scientific American
Medicine) with Boolean and natural language
interfaces

— Medical students answering ten short-answer questions

— Randomized to one interface or other, asked to search on
guestions they rated lowest confidence before searching

— Pre-searching correctness very low (1.7/10)
— Correctness improved markedly with searching (4.0/5)

— When incorrect with searching, document with correct
answer retrieved two-thirds of time and viewed half of
time




MEDLINE — Boolean vs. natural
language (1996)

e Searching MEDLINE with Ovid (Boolean) and
Knowledge Finder (natural language)

— Medical students answering yes/no clinical
guestions

— 37.5% answered correctly before searching
— 85.4% answered correctly after searching

— No difference across systems in time taken,
relevant articles retrieved, or user satisfaction

Factors associated with successful
searching (Hersh, 2002)

* Medical and nurse practitioner (NP) students success
of using a retrieval system to answer clinical questions
— Had to provide not only answer but level of evidence
supporting it
* Yes with good evidence
* Indeterminate evidence
* No with good evidence
* Look at factors associated with success
— Based on model of factors associated with successful use
of retrieval systems (Fidel, 1983) adapted to this setting

— Dependent variable was correctness of answer

10




Major categories and some factors in
the model

* Associated answering question correctly with
independent variables

— Answers — correct before searching, certainty, time
— Demographic — age, gender, school

— Computer experience — general, searching, specific
MEDLINE features

— Cognitive — set of factors shown in past to be associated
with successful computer and/or retrieval system use

— Search mechanics — sets retrieved, references viewed

— User satisfaction — from Questionnaire for User Interface
Satisfaction (QUIS)

— Retrieval — recall, precision

Results

* 66 participants, 45 medical and 21 NP
students
— NP students all female, medical students evenly
divided
— NP students older, with more computer use but
less searching and EBM experience

— Medical students scored higher on cognitive tests,
especially of spatial visualization

(N,
12 ;




With searching, medical students increased
rate of correctness to 51.6% but NP students
remained virtually unchanged at 34.7%, i.e.,
searching did not help NP students

Prior to searching, rate of correctness
(32.1%) about equal to chance for
both groups, i.e., equal to chance

No difference in recall or precision for correct
_— answering or student type, i.e., it did not

Pre-Search impact correct answering
Correct 63 (19%)
27 (12%) 45 (20%)
14 (14%) 18 (18%)
Variable Incorrect | Correct p value
Recall 18% 18% .61
Precision 28% 29% .99
Variable All Medical NP
Recall 18% 18% 20%
Precision 29% 30% 26%
\,
13

Work followed on by others

* Clinicians
— Physicians and nurse consultants searching full-text and MEDLINE
resource — both improved answering with searching (Westbrook,
2005)
— Physicians had modest improvement in answering with searching; no
difference between Pubmed and Clinical Queries (McKibbon, 2013)
e Others
— Lau (2008, 2011) — college students searching PubMed, MedlinePLUS,
and others
* Correct answering 61.2% before searching and 82.0% after
» Confidence not associated with correctness
— Van Duersen (2012) — older and less educated searchers had poorer
search skills
* Younger searchers more likely to use nonrelevant search results and

unreliable sources
N,
14




Back to batch evaluation: domain-
specific IR
e TREC Genomics Track

* ImageCLEFmed
* TREC Medical Records Track

o )
15 g

OHSU

TREC Genomics Track (Hersh, 2009)

* Based on use case of exploding research in
genomics and inability to biologists to know all
that might impact work

* First TREC track devoted to “domain-specific”
retrieval, with focus on IR systems for genomics
researchers

* History

— 2004-2005 - focus on ad hoc retrieval and document
categorization

— 2006-2007 — focus on passage retrieval and question-
answering as means to improve document retrieval

€N
&)
16 >0
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Lessons learned (Hersh, 2009)

* Ad hoc retrieval
— Modest benefit for techniques known to work well in
general IR, e.g., stop word removal, stemming, weighting
— Query term expansion, especially domain-specific and/or
done by humans, helped most
* QA
— Most consistent benefit from query expansion and
paragraph-length passage retrieval
* For all experiments, big problem (as always) was lack
of detailed description and use of low-performing
baselines

A )

OHSU

Image retrieval — ImageCLEF medical image
retrieval task

* Biomedical professionals increasingly use images for
research, clinical care, and education, yet we know
very little about how they find them

* Developed test collection and exploration of
information needs motivating use of image retrieval
systems (Hersh, 2006; Hersh, 2009; Miiller, 2010)

* Started with ad hoc retrieval and added tasks

— Modality detection
— Case finding

* Overall conclusions: text yielded most consistent

results with image features providing variable value

18
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TREC Medical Records Track
(Voorhees, 2012)

* Adapting IR techniques to electronic health
records (EHRs)

* Use case somewhat different — want to retrieve
records and data within them to identify patients
who might be candidates for clinical studies

* Motivated by larger desire for “re-use” of clinical
data (Safran, 2007)

* Opportunities facilitated by growing incentives
for “meaningful use” of EHRs in the HITECH Act
(Blumenthal, 2011; Blumenthal, 2011)

OHSU

Challenges for informatics research
with medical records

* Has always been easier with knowledge-based
content than patient-specific data due to a
variety of reasons
— Privacy issues
— Task issues

 Facilitated with development of large-scale,
de-identified data set from University of
Pittsburgh Medical Center (UPMC)

* Launched in 2011, repeated in 2012

OHSU
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Test collection

VISIT LIST e
PRINCIPAL DIAGNOSES:

. Urinary tract infection.

. Gastroenteritis.

RECORD-VISIT MAP

1

2

3
20071026ER-9qWiuGEk8Xkz-488-541231171 4. Hyperglycemia.

5. Diabetes mellitus.
20073482DS-56d8329-100-34234561 6. Osteoarthritis.

7. History of anemia.

8

: / 20071026RAD-9qWiuGEK8Xkz-488-1222308213 - History of tobacco use.
3EKrCanw% 20073482DS-56d8329-100-34234561 HOSPITAL COURSE: The patient is a **AGE[in 40s]
. L 7yearfoli lnsEllndepEndEnt dlabstlz Zho .
~ presented with nausea, vomiting, and diarrhea.
C re i p 20071027HP-9qWiuGEk8Xkz-488-1348146618 she was admitted, placed on IV fluids, a sliding scale,
was found to have evidence of urinary tract infection,
i 20073482DS-56d8329-100-34234561 and treated with oral Bactrim. She was seen by
L Endocrinology.  She was started on Lantus, and overall
- 2007100542DS-56d8329-100-34234561 is feeling better. She is tolerating a regular diet.
Her sugars have been under better control, and
20073482HP-56d8329-100-342348376 she is being discharged to home. Sodium was 135,
potassium was 4.5, BUN was 21, creatinine was 0.9, and
200782RAD-56d83asd29-100-34238923847 glucoses recently ranged from 80 to the highest of
219. Her sugars were as high as 300. Her white count
L 20071028HP-9qWiuGEK8Xkz-488-1617583866 was 7.5, hemoglobin was 11, and hematocrit was 33.0.

Urinalysis was positive.

2007348932DS-56dnp29-100-34289345023804

20073482DS-56d83fsdf29-344-3423456 1 Report Extract
$ 20071030DS-9qWiuGEK8Xkz-488-856269896 20071030DS-9qWiuGEk8Xkz-488-856269896

200734462RAD-56d8329-800-87342345323

17,265 visits 101,712 reports (93,552 mapped to visits) \,

21 (Courtesy, Ellen Voorhees, NIST)

Results for 2012

Run nfNDCG mfAP P(10)
NLMManual* 0.680 0366 0.749
udelSUM 0.578 0286 0.592
sennamed? 0.547 0275 0557
ohsuManBool* 0.526 0250 0.611
atigeol 0524 0224 0519
UDinfoMed123 0517 0236 0528 ¢
10z TrMConQRd 0.509 0231 0553 z
NICTAUBC4 0487 0216 0517 g

€
g

Topic
Per-topic scores for infNDCG computed over all runs

A JIquiny




Which approaches did (and did not)

work?

* Best results in 2011 and 2012 obtained from NLM group
(Demner-Fushman, 2011; Demner-Fushman, 2012)

— Top results from manually constructed queries using Essie
domain-specific search engine (Ide, 2007)

* Many approaches known to work in general IR fared less
well, e.g., term expansion, document focusing, etc.

— Other domain-specific approaches also did not show benefit,
e.g., creation of PICO frames, negation

e Some success with

— Results filtered by age, race, gender, admission status; terms
expanded by UMLS Metathesaurus (King, 2011)

— Expansion by concepts and relationships in UMLS
Metathesaurus (Martinez, 2014)

— Pseudorelevance feedback using ICD-9 codes (Amini, 2016)

o )
23 g

OHSU

TREC Clinical Decision Support Track
(Roberts, 2016)

e www.trec-cds.org

* Ad hoc search of biomedical literature (PubMed
Central Open Access Subset — 1.25M articles)

* Topics are patient descriptions in three information
need categories

— Diagnosis
— Test
— Treatment
* Currently in third year of operation

* Limitation: ad hoc searching of literature not a
common activity of clinicians seeking answers to

guestions
€N
\

OHSU
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Good searching is not enough — must
take into account context of science

* Methodological challenges

* Publication bias and the “winner’s curse”
* Reproducibility

* Misconduct

* Hype

OHSU

Methodological challenges

* IR and text mining may be better at finding
knowledge but humans are (for now) better at
appraising it

* Critical appraisal is needed because there are
many limitations to current medical studies,
even with gold-standard randomized
controlled trials (RCTs)

OHSU
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Problems with RCTs

* Experimental studies are the best approach for
discerning cause and effect, but have limitations, e.g.

— Samples may not represent populations (Weng, 2014;
Prieto-Centurion, 2014; Geifman, 2016)

— “Medical reversal” of earlier results not uncommon
(Prasad, 2013; Prasad, 2015)

— Surrogate measures may not be associated with desired
clinical outcomes (Kim, 2015; Prasad, 2015)

— Like many other studies, temptations for p-hacking (Head,
2015)

— Differences between relative and absolute risk (Williams,

2013)
&

Problems with results of non-RCTs

* Observational studies can
mislead us, e.g., Women’s
Health Initiative (JAMA, 2002)

wwwww

sssss |

discern cause and effect, e.g., " R ST
diet and cancer (Schoenfeld, ={. .. . .. .|" "
2013) e
* New technologies and
techniques not yet fully

assessed, e.g., precision

nnnnnn

medicine and EHR usage — = o
(Joyner, 2016) Relative Risk

(\,
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Biomedical researchers are not
necessarily good software engineers

* Many scientific researchers write code
but are not always well-versed in best
practices of testing and error detection
(Merali, 2010)

* Scientists have history of relying on
incorrect data or models (Sainani, 2011)

* They may also not be good about
selection of best software packages for
their work (Joppa, 2013)

* 3000 of 40,000 studies using fMRI may
have false-positive results due to faulty
algorithms and bugs (Eklund, 2016)

29

Publication bias and the “winner’s
curse”

* Publication bias is a long-known problem, not
limited to biomedicine (Sterling, 1959; Dwan,
2013)

* As aresult, what is reported in the scientific
literature may not reflect the totality of
knowledge, but instead representing the
“winner’s curse” of results that have been
positive and thus more likely to be published
(lonnaidis, 2005; Young, 2008)

* Initial positive results not infrequently later
overturned (lonnaidis, 2005)

15



Discrepancies between FDA reporting
and published literature

* Selective publication of antidepressant trials (Turner,
2008) — studies with positive results more likely to be
published (37 of 38) than those with negative results
(22 of 36 not published, 11 of 36 published in way to
convey positive results)

Similar picture with antipsychotic drugs (Turner, 2012)

FDA data also led to discovery of studies of COX-2
inhibitors (Vioxx and Celebrex) with altered study
design and omission of results that led to obfuscation
of cardiac complications (Jini, 2002; Curfman, 2005)

/
,;§\

Reproducibility

In recent years, another problem has been identified:
inability to reproduce results (Begley, 2016)

Documented in

— Preclinical studies analyzed by pharmaceutical companies
looking for promising drugs that might be candidates for
commercial development (Begley, 2012)

— Psychology research (Science, 2015)

Recent survey of over 1500 scientists found over half

agreed with statement: There is a “reproducibility

crisis” in science (Baker, 2016)

— 50-80% (depending on the field) reported unable to
reproduce an experiment yet very few trying or able to
publish about it
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Misconduct

* Many well-known cases, true scope of
fraudulent science probably impossible to
know because science operates on honor
systems

* Documentation of many cases:
Retractionwatch.com

* Predatory journals — fueled in part by open
access movement (Haug, 2013; Moher, 2016)
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Hype

* Example of high-profile system is IBM Watson

— Developed out of TREC Question-Answering Track
(Voorhees, 2005; Ferrucci, 2010)

— Additional (exhaustive) details in special issue of
IBM Journal of Research and Development
(Ferrucci, 2012)

— Beat humans at Jeopardy! (Markoff, 2011)

— Now being applied to healthcare (Lohr, 2012); has
“graduated” medical school (Cerrato, 2012)
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Applying Watson to medicine
(Ferrucci, 2012)

* Concept adaptation process required
— Named entity detection
— Measure recognition and interpretation
— Recognition of unary relations

* Trained using several resources from internal medicine:
ACP Medicine, PIER, Merck Manual, and MKSAP

* Trained with 5000 questions from Doctor's Dilemma, a
competition like Jeopardy! run by American College of
Physicians (ACP) annually

— Sample question, Familial adenomatous polyposis

is caused by mutations of this gene, with
answer, APC Gene

* Googling the question gives the correct answer at the top of its
ranking to this and two other sample questions listed

\
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Evaluation of Watson on internal
medicine questions (Ferrucci, 2012)

* Evaluated on an additional

188 unseen questions =
‘ 29 54
* Primary outcome measure z: i
was recall at 10 answers : I
— How would Watson “ .
compare against other & & &
systems, such as Google or & e

Pubmed, or using other
measures, such as MRR?

* Awaiting further studies...

Recall@10
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Why is the context of science
important to IR and text mining?

* The use cases driving IR and text mining in
biomedicine are important
— The future of clinical medicine needs these tools

* There are many challenges in developing and
evaluating systems
— But overcoming them is important

* The agenda for IR and text mining is identical to
that of biomedical informatics generally, e.g.,
— Standards and interoperability
— Realistic and rigorous evaluation and reproducibility

37
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Some solutions we can pursue

» System development — should
— Accommodate important use cases
— Address challenges with data and information

e Evaluation

— System-oriented studies fine for initial evaluation
but must translate to focus on
e Realistic use cases

* Studies of users and incorporation of research and
clinical outcomes
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