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Introduction
 MEDLINE: one of the most important 

informatics systems ever constructed

 Reflects importance of literature

 Complexity, size of literature make it difficult to 

find the most relevant, useful articles

 Automated, semi-automated tools have been 

developed to identify high quality articles

 Purpose: Improve the usability and 

performance of information retrieval 

techniques with machine learning methods
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Focus 1: Topic-sensitivity

1. Analyze topic-sensitivity of evaluation 

methods for journals, articles, websites
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Focus 2: Citation Count Prediction

2. Is it feasible to predict the citation count 

of an article using only information available 

at the time of publication?
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Focus 3: Automatic Classification of Citations

3. Is it feasible to automatically identify 

instrumental citations?
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Focus 1: Topic Sensitivity
 Purpose: analyze topic-sensitivity of evaluation 

methods

 Previous work focused on overall performance

 Performance on specific topics unknown

 Benefits:

 Raise awareness of issue

 Provide alternatives that consider topic or not 

vulnerable to this issue
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Evaluating Journal Quality
 Impact Factor

 Measures citation rate regardless of publication 

size or frequency

 Topic-Specific Impact Factor

 Restrict to articles related to given topic

 “Impact factor” of subset of journal’s articles

Number of citations in year  to journal items
published in years ( 1) and ( 2)

= 
Number of journal articles

published in years ( 1) and ( 2)

y
y - y -

y - y -
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Experimental Design
 Identified matching MEDLINE records

 Topic: 8 general topics

 Journal: 6 journals

 Year: 2004, 2003

 Retrieved citation counts and journal impact 

factor from ISI Web of Science

 Calculated topic-specific impact factors for all 

journals, topics, and years
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Results
 Variability shown by ranking reversals

 Cases where higher impact journal had lower 

topic-specific impact factor

 10 reversals out of 120 comparison
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Results
 Wide variability shown by differences between 

impact factor and topic-specific impact factors

Topic Minimum Median Maximum
Interquartile 

Range

Cardiology 0.09 2.04 17.35 11.58

Endocrinology 0.56 2.09 25.99 15

Gastroenterology 0.33 2.15 35.72 2.92

Hematology 1.31 5.02 10.96 7.53

Medical Oncology 0.23 1.46 10.75 5.61

Nephrology 0.13 6.04 10.64 5.55

Pulmonary Disease 0.45 0.99 11.64 5.1

Rheumatology 1.73 6.86 30.79 12.38

Interquartile range is a measure of 

dispersion and is the difference 

between the first and third quartiles.
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Finding High-quality Articles
 Clinical Query Filters

 Manually constructed Boolean queries of terms 

from MEDLINE record

 Optimized for sensitivity, specificity

 (randomized controlled trial [Publication Type] OR 

(randomized [Title/Abstract] AND controlled 

[Title/Abstract] AND trial [Title/Abstract]))

 Machine Learning Method

 Support Vector Machine (SVM) models

 Performs well in categorizing text and identifying 

high-quality articles
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Experimental Design

 ACP Journal Club: corpus, gold standard

 Experts review the best journals in internal 

medicine, identify high-quality articles 

 Selected 18 topics based on MeSH terms

 Compute topic-specific performance

 Compare to overall performance
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Clinical Query Filters Results
 Performance measured by sensitivity, specificity

 Differences between overall and topic-specific 

sensitivity, specificity varied greatly
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SVM Models Results
 Performance measured by area under the 

receiver operating characteristics curve (AUC)

 More stable results for differences between 

overall and topic-specific AUC
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Evaluating Websites
 PageRank

 High quality pages link to other high quality pages

 Models user behavior as random surfer that 

follows link arbitrarily or jumps randomly to 

another page
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Experimental Design
 Selected sites and topics from WebBase

 CDC: Genomics, NCBDDD, NCIDOD, NIP, 

Tobacco

 NCI: Breast, Cervix, Colon, Lung, Prostate

 Computed PageRanks before, after topic 

isolation

 Measured similarity in rankings with Ksim metric

 Fraction of consistent pairwise ranking 

comparisons between two sets of rankings 
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Results
 Stability of rankings dependent on how often 

pages linked to pages outside of topic

Domain Topic
Ksim for 

Topic subset

Fraction of links 

within same topic
Genomics 0.97 0.85

CDC NCBDDD 0.87 0.71

NCIDOD 0.79 0.76

NIP 0.87 0.83

Tobacco 0.94 0.87

Breast 0.71 0.32

NCI Cervix 0.74 0.42

Colon 0.72 0.37

Lung 0.76 0.36

Prostate 0.7 0.32
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Focus 2: Prediction of Citation Counts

 Citation count: higher quality papers receive 

more citations

 Simple, efficient, intuitive method

 Limitations: difficulties comparing papers for 

different topics or time periods
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Purpose
 Can we predict citation count as a measure of 

the long term impact of papers at the time of 

publication?

 Benefits:

 Accelerate research

 Improve understanding of factors influencing 

citation behavior
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Related Work
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Framing the Problem: Text Categorization

1. Build or utilize existing training corpora
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Framing the Problem: Text Categorization

1

2

3

4

2. Simple document representations

(typically stemmed and weighted words 

in title, abstract, MeSH terms)
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Framing the Problem: Text Categorization

Labeled

Examples

Unseen 

Examples

Labeled

3. Train models that capture implicit quality criteria
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Framing the Problem: Text Categorization

 

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%…

predictor variables outcome variable

P1

P2

P3

Choose C=1 since it 

maximizes accuracy

…

4. Evaluate models’ performances with

nested cross-validation and area under the 

receiver operating characteristics curve (AUC)
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Framing the Problem: Text Categorization

0
0.1
0.2
0.3
0.4
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0.7
0.8
0.9

1

Txmt Diag Prog Etio

Estimated Performance 2005 Performance

5. Evaluate performance prospectively & 

compare to prior cross-validation estimates
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Predictive Features, Response Variable

Convert to binary label based on citation thresholds

> 20  : mildly influential

> 50  : relatively influential

> 100: influential

> 500: extremely influential

Content

Features

Bibliometric

Features

Response

Variable

Feature Source Representation

Article Title

Article Abstract

MeSH terms

Number of citations for first author

Number of citations for last author

Number of articles for first author

Number of articles for last author Web of Science:

Number of Authors not publically available,

Number of Institutions has to be extracted

Publication Type 1 binary value

Journal Impact Factor 1 continuous value

Quality of First Author's Institution www.arwu.org 4 values

Citation Count Web of Science 1 integer value

MEDLINE
~20000 features 

after processing

1 integer value
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Corpus Construction

“N Engl J Med"[Journal] AND (“1991"[PDAT] : 

“1994"[PDAT]) AND (“Cardiology"[MeSH])

1. Query PubMed for articles according to 

selection criteria

8 Topics from Internal Medicine 

6 Journals

Published in 1991-1994

1

2

3

4

2. Download content features from 

MEDLINE using Python scripts

Title

MeSH terms

Abstract
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Corpus Construction

3. Download bibliometric features from Web of Science

- Simulate user session with Python scripts

- Manually extract features for difficult cases
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Document Representation
 Bag of words approach

 Removed PubMed stopwords (“a”, “the”, etc.)

 Porter stemming (activates, activating  activat)

 Weighting: log frequency with redundancy

 Bibliometric features scaled between 0 and 1 

 Document represented as a vector of weights



30

Learning Method
 Support Vector Machine (SVM) models

 Kernel function maps input space to higher-dimensional 

feature space

 Hyperplane calculated to separate classes of data

 Performs well in categorizing text and identifying high-

quality articles
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Model Selection
 5-fold nested cross validation

 Optimized parameters

 Cost: [.1, .2, .4, .7, .9, 1, 5, 10, 20]

 Degree: [1, 2, 3, 4, 5, 8]

 Performance metric: Area under the receiver 

operating characteristic curve (AUC)

 

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%…

predictor variables outcome variable

P1

P2

P3

Choose C=1 since it 

maximizes accuracy

…
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Results: Predictivity
 Possible to predict citation count with high 

predictivity with only information available at 

publication Classification Performance

Perfect
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Uninformative
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Results: Testing for Overfitting
 Label reshuffling

 Randomly reshuffle label to eliminate connection 

between features and label

 Retrain model, repeat multiple times

 AUC = 0.5 indicates no overfitting
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Results: Testing for Overfitting

Overfitting No Overfitting
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Results: Testing for Overfitting
 Prospective validation

 Trained models on 1991-1992 articles

 Evaluated performance on 1993-1994 articles

0.50
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0.70

0.80

0.90

1.00

20 50 100 500

Citation Threshold

A
U

C Cross-validation

Prospective Validation
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Results: Analysis of Feature Type

 Performance maximized with complete model

 Content, bibliometric features both important

 Impact Factor had worst performance

0.88 0.86 0.86 0.92

0.76 0.78 0.79 0.76
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Impact Factor
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Results: Analysis of Influential Features

 Feature Selection

 Markov Blanket: smallest set of features 

conditioned on which all remaining features are 

independent of the response variable

 Used HITON-PC algorithm

 Performance did not degrade with feature subset

 Logistic Regression on selected features

 Estimate effect of each variable on the conditional 

probability of the response variable while 

controlling for other features
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Results: Analysis of Influential Features
 Some topics indicated high citation rates

 Citation history of authors, Impact Factor were highly 

ranked for all thresholds 

 Important content features changed for different thresholds

A positive unit change in a regression coefficient  for a feature corresponds to 

e increase in the odds of exceeding the citation count threshold. 

Feature

Logistic 

Regression 

Coefficient 

P-value
Standard 

Error

First Author Citations [WOS] 5.75 0 1.47

Smoking:mortality [MeSH] 4.22 0.018 1.79

Journal Impact Factor [WOS] 3.32 0 0.18

Last Author Citations [WOS] 3.02 0.001 0.87

Birth Weight [MeSH] 2.95 0 0.77

Pilot Projects [MeSH] -2.91 0.013 1.17

Autoantibodies:blood [MeSH] 2.78 0.001 0.81

Family Practice [MeSH] -2.75 0.016 1.14

gy 2.65 0.006 0.96

Example Features for Threshold 100
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Focus 3: Classification of Citations
 Purpose: examine feasibility of automatically 

differentiating between instrumental and non-
instrumental citations

 Benefits

 Add functionality to citation indexers

 Improve Impact Factor, Citation count by ignoring 
non-essential citations

 Previous approaches: manually generated rules

 Teufel (2006): cue phrases, part-of-speech 
recognizer

 Mercer (2004): cue phrases, grammar-like 
parsing rules
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Definition of Instrumental Citation
 Hypothesis motivated by cited work

 Cited work necessary to complete citing work
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Predictive Features, Response Variable

Feature Source Representation

Article title

Article abstract

MeSH terms

Citation text Article Full-text

Number of times cited in Introduction

Number of times cited in Methods

Number of times cited in Results

Number of times cited in Discussion

Citation count of reference

Number of articles for first author

Number of citations for first author

Number of articles for last author

Number of citations for last author

Number of authors

Number of institutions

Quality of first author’s institution www.arwu.org 4 values

Instrumental Label Manually Labeled 1 binary value

Web of Science: not 

publically available, has 

to be extracted

~20000 features 

after processing

1 integer value

Article Full-text

MEDLINE Content

Features

Bibliometric

Features

Response

Variable
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Corpus Construction

1. Download full text of articles

- New England Journal of Medicine

- Internal Medicine articles from 1993, 1994
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Corpus Construction

2. For 3 randomly selected references:

- Parse citation text

- Count number of times cited in each section

- Manually label instrumental citations
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Corpus Construction

1

2

3

4

3. Download content features from 

MEDLINE using Python scripts

Title

MeSH terms

Abstract
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Corpus Construction

4. Download bibliometric features from Web of Science

- Simulate user session with Python scripts

- Manually extract features for difficult cases
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Experimental Design
 Document Representation

 Bag of words

 Porter stemming

 Term weighting: log frequency with redundancy

 Learning Method

 Support Vector Machine (SVM) models

 Model Selection

 5-fold nested cross-validation

 Performance metric: AUC
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Results
 Cross-validation: accurate classification possible

 Repeated experiments with hold out test sets

 Exclude test set before model learning

 More robust estimate of generalizability

 Models may be time-dependent

0.5

0.55

0.6

0.65

0.7

0.75

0.8

0.85

0.9

Full Corpus 1993 articles 1994 articles Train 1993,

Test 1994

Corpus Type

A
U

C

Cross-validation AUC

Hold Out AUC
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Results
 Citations to same reference not independent

 Performed analysis after restricting corpus to 

one citation per reference

 Results still showed relatively accurate 

classification

0.5

0.55

0.6

0.65

0.7

0.75
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0.85

0.9

0.95

1

Full Corpus 1993 articles 1994 articles

Corpus Type

A
U

C All Citations

1 Citation Per Ref.
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Analysis of Influential Features
 Influential features identified with feature selection

 Markov Blanket induction

 Logistic Regression

Feature

Logistic 

Regression 

Coefficient 

P-value
Standard 

Error

Number of times cited in 

introduction [WOS]
5.65 0.00 0.70

von -3.42 0.01 1.31

mammographi -2.90 0.02 1.25

Cytarabine[MeSH] -2.70 0.00 0.80

Arrhythmias, Cardiac [MeSH] -2.43 0.01 0.97

complex -2.38 0.00 0.71

eject -2.20 0.00 0.73

visual -1.97 0.00 0.65

underestim -1.89 0.01 0.69

Example Features
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Discussion
 Understand if factors are causative or unrelated 

to quality

 Investigate how robust prediction models are to 

manipulation

 Improve performance of models

 Create modified versions of Impact Factor, 

citation count, prediction models using only 

instrumental citations

 Evaluate performance and impact in real world
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Conclusion
 Topic-sentivity

 Demonstrates topic-sensitivity of Impact Factor, Clinical 
Query Filters, and PageRank

 Proposes alternative methods that are stable over topics

 Citation Count Prediction

 Demonstrates that citation count prediction is possible 
using information at publication time

 Provides insight into the factors affecting citation behavior

 Automatic Classification of Instrumental Citations

 Feasible to automatically identify instrumental citations

 Results may potentially improve existing citation metrics

 Opens door to many real world extensions and future 
work
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