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Main Idea: we use machine learning to identify content and 

EBM quality (we also explore how it compares to citation 

metrics and how the two can work together)

Distinct approach from using NLP and not antagonistic to it:

Advantages of Machine Learning (a.k.a. Pattern Recognition):

-very high performance when task chosen carefully

-once a good gold standard available building models is 

practically automatic

Advantages of NLP: 

- Can find ñdeepò meaning inside complex text

Evidence Based Medicine Information Retrieval 

Research: Quality Filters
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Labeled

Examples

Unseen 

Examples

Labeled

1. Utilize existing (or easy to build) training corpora

3. Train models that capture 

implicit categories of meaning or 

quality criteria

Pattern recognition models to categorize content and 

quality: Main Idea

2. Simple document representations (i.e., 

typically Ą stemmed and weighted words 

in title and abstract, Mesh terms if 

available; OccasionallyĄ addition of 

Metamap CUIs, author info) as ñbag-of-

wordsò

1

2

3

4
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5. Evaluate performance prospectively & 

compare to prior cross-validation

estimates

Pattern recognition models to categorize content and 

quality: Main Idea CONTôD

6. Other work (details not provided 

here):

-Evaluate with real-life queries

-Analysis of terms importance

-Convert to Boolean queries

4. Evaluate modelsô performances 

- with nested cross-validation or other appropriate error estimators

- use primarily AUC as well as  other metrics (SEN, SPE, PPV, Precision/Recall curves, HIT 

curves, etc.)

 

Dataset

Outer loop: Cross-validation for performance estimation

Inner Loop: Cross-validation for model selection

Training 

set

Validation 

set
C Accuracy

Average 

Accuracy

P1 P2 86%

P2 P1 84%

P1 P2 70%

P2 P1 90%

1 85%

2 80%

Training 

set

Testing 

set
C Accuracy

Average 

Accuracy

P1, P2 P3 1 89%

P1,P3 P2 2 84%

P2, P3 P1 1 76%

83%é

predictor variables outcome variable

P1

P2

P3

Choose C=1 since it 

maximizes accuracy
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1. Excellent ability to identify high-quality 

PubMed documents according to ACPJ 

gold standard

3. Better performance than PageRank, Impact 

Factor and Citation count in Medline for 

SSOAB gold standard 

4. Better sensitivity/specificity in PubMed than 

CQFs  at comparable thresholds according to 

ACPJ gold standard

Pattern recognition models to categorize content and 

quality: some notable results

Category Average AUC Range
over n folds

Treatment 0.97* 0.96 - 0.98

Etiology 0.94* 0.89 ï0.95

Prognosis 0.95* 0.92 ï0.97

Diagnosis 0.95* 0.93 - 0.98

Category Average AUC Range
over n folds

Treatment 0.97* 0.96 - 0.98

Etiology 0.94* 0.89 ï0.95

Prognosis 0.95* 0.92 ï0.97

Diagnosis 0.95* 0.93 - 0.98

Gold standard: SSOAB Area under the ROC 

curve*

SSOAB-specific  filters 0.893

Citation Count 0.791

ACPJ Txmt-specific filters 0.548

Impact Factor (2001) 0.549

Impact Factor (2005) 0.558

Gold standard: SSOAB Area under the ROC 

curve*

SSOAB-specific  filters 0.893

Citation Count 0.791

ACPJ Txmt-specific filters 0.548

Impact Factor (2001) 0.549

Impact Factor (2005) 0.558

Method Treatment -

AUC

Etiology -

AUC

Prognosis -

AUC

Diagnosis -

AUC

Google Pagerank 0.54 0.54 0.43 0.46

Yahoo Webranks 0.56 0.49 0.52 0.52

Impact Factor 

2005
0.67 0.62 0.51 0.52

Web page hit 

count
0.63 0.63 0.58 0.57

Bibliometric 

Citation Count
0.76 0.69 0.67 0.60

Machine Learning 

Models
0.96 0.95 0.95 0.95

Method Treatment -

AUC

Etiology -

AUC

Prognosis -

AUC

Diagnosis -

AUC

Google Pagerank 0.54 0.54 0.43 0.46

Yahoo Webranks 0.56 0.49 0.52 0.52

Impact Factor 

2005
0.67 0.62 0.51 0.52

Web page hit 

count
0.63 0.63 0.58 0.57

Bibliometric 

Citation Count
0.76 0.69 0.67 0.60

Machine Learning 

Models
0.96 0.95 0.95 0.95

2. Better performance than PageRank, Yahoo 

ranks, Impact Factor, Web Page hit counts, 

and bibliometric citation counts on the Web 

according to ACPJ gold standard
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Very Recent Work  

Working with the McMaster group we created several new machine learning filters 

with expanded scope. The new models:

- Cover areas outside of internal medicine: Surgery, Psychology, Pediatrics

- Cover other categories of medicine: Cost, Economics, Clinical Prediction, Guide, 

Qualitative

The Mcmaster  group provided a gold standard dataset composed of 49,028 unique 

articles covering 160 journals in the year 2000.

Purpose: Etiology, Prognosis, Diagnosis, Treatment, Cost, Economics, Clinical Prediction 

Guide, Qualititative

Format: Original research, Review, Case reports, General/ Misc, 
Rigor: Etiology, Prognosis, Diagnosis, Treatment, Clinical Prediction Guide,Economics

Models exhibit excellent discriminatory performance:

Type Number 

Positives

Category Area Under the 

Curve

Format 25,750 Original Research 0.985

Format 3,097 Review 0.970

Format 4,591 Case Reports 0.986

Format 14,747 General/ Miscellaneous 0.980

Rigor 281 Etiology 0.962

Rigor 147 Diagnosis 0.982

Rigor 1,587 Treatment 0.988

Rigor 34 Economics 0.997

Rigor 91 Clinical Prediction Guide 0.985

Rigor 190 Prognosis 0.963

Type Number 

Positives

Category Area Under the 

Curve

Format 25,750 Original Research 0.985

Format 3,097 Review 0.970

Format 4,591 Case Reports 0.986

Format 14,747 General/ Miscellaneous 0.980

Rigor 281 Etiology 0.962

Rigor 147 Diagnosis 0.982

Rigor 1,587 Treatment 0.988

Rigor 34 Economics 0.997

Rigor 91 Clinical Prediction Guide 0.985

Rigor 190 Prognosis 0.963

Type Number Positives Category Area Under the Curve

Purpose 3,025 Etiology 0.926

Purpose 1,648 Prognosis 0.942

Purpose 1,119 Diagnosis 0.966

Purpose 8,340 Treatment 0.953

Purpose 300 Cost 0.995

Purpose 238 Economics 0.991

Purpose 232 Clinical Prediction Guide 0.980

Purpose 336 Qualitative 0.997

Type Number Positives Category Area Under the Curve

Purpose 3,025 Etiology 0.926

Purpose 1,648 Prognosis 0.942

Purpose 1,119 Diagnosis 0.966

Purpose 8,340 Treatment 0.953

Purpose 300 Cost 0.995

Purpose 238 Economics 0.991

Purpose 232 Clinical Prediction Guide 0.980

Purpose 336 Qualitative 0.997
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3. Prediction of future paper citation

counts 

2. Showing that Impact Factor is sensitive to 

topic and adjusting it for topic

4. Graphical Integration of pattern recognition 

and citation graphs (conceptual demo shown)

Other EBM Information Retrieval work

5. Semantic indexing models for clinical 

bioinformatics

1. Identifying Web Pages with  misleading treatment information according to special 

purpose gold standard/Quack Watch negative gold standard better than Quackometer 

and Google Ranks in the tested domain of cancer treatment

Model Area Under the 

Curve

Machine Learning Models0.93

Quackometer* 0.67

Google 0.63

Model Area Under the 

Curve

Machine Learning Models0.93

Quackometer* 0.67

Google 0.63

 


