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Motivation and Research Focus

}End goal is to support evidence based medicine 

through improving access to high quality medical content.

}Methodology is to build machine learning models to filter 

the primary literature and the world wide web for the 

highest quality documents in pre-specified content 

categoriesand according to user queries.

}Comparisons to citation analysis and state-of-the-art 

search engines

}Multi-modal evaluation of the resulting search 

technology.



Conceptual Overview of Core 

Model Building & Evaluation



Basic Framework ðText Categorization

Labeled

Examples

Unseen 

Examples

Labeled



Gold Standard Construction



Gold Standard for Quality and Content

ÅLeverage published meta-

journals.

ÅApply Explicit Criteria for 

Inclusion.



Treatment Selection Criteria

}The treatment criteria -ACP journal club

}òRandom allocation of participants to comparison groups.ó

}ò80% follow up of those entering study.ó

}òOutcome of known or probable clinical importance.ó

Purpose and Proc. ACP Journal, 1999. 131(1): p. A15. 



Etiology Selection Criteria

} In studies of etiology, good design is:
} exploration of the relation between exposures and putative clinical 

outcomes. 

} prospective data collection with clearly identified comparison groups for 
those at risk for the outcome of interest (in descending order of 
preference from randomized controlled trial, quasi-randomized 
controlled trial, nonrandomized controlled trial, cohort studies with 
case-by-case matching or statistical adjustment to create comparable 
groups, to nested case-control studies. 

} masking of observers of outcomes to exposures (criterion assumed to 
be met if outcome is objective, i.e., all-cause mortality, objective test). 

Purpose and Proc. ACP Journal, 1999. 131(1): p. A15. 



Diagnosis Selection Criteria

} inclusion of a spectrum of participants, some but not all of whom have the 

disorder or derangement of interest. 

} objective diagnostic ("gold") standard (e.g., laboratory test not requiring 

interpretation) OR current clinical standard for diagnosis (e.g., a venogram 

for deep venous thrombosis), preferably with documentation of 

reproducible criteria for subjectively interpreted diagnostic standard (i.e., 

report of statistically significant measure of agreement beyond chance 

among observers). 

} each participant must receive both the new test and some form of the 

diagnostic standard. 

} interpretation of diagnostic standard without knowledge of test result. 

} interpretation of test without knowledge of diagnostic standard result.



Prognosis Selection Criteria

}inception cohort of individuals, all initially free of the 

outcome of interest. 

}follow-up of at least 80% of patients until the occurrence 

of a major study endpoint or to the end of the study.



Journals Selected to Build Corpora.
} Age and ageing

} AMERICAN JOURNAL OF CARDIOLOGY

} AMERICAN JOURNAL OF EPIDEMIOLOGY

} AMERICAN JOURNAL OF GASTROENTEROLOGY

} AMERICAN JOURNAL OF MEDICINE

} AMERICAN JOURNAL OF PUBLIC HEALTH

} AMERICAN JOURNAL OF RESPIRATORY AND CRITICAL CARE 
MEDICINE

} ANNALS OF EMERGENCY MEDICINE

} ANNALS OF INTERNAL MEDICINE

} ANNALS OF MEDICINE

} ARCHIVES OF FAMILY MEDICINE

} ARCHIVES OF INTERNAL MEDICINE

} ARCHIVES OF NEUROLOGY

} ARTHRITIS AND RHEUMATISM

} BRITISH MEDICAL JOURNAL

} BRITISH JOURNAL OF GENERAL PRACTICE

} CANADIAN MEDICAL ASSOCIATION JOURNAL

} CANADIAN JOURNAL OF CARDIOLOGY

} CANADIAN JOURNAL OF GASTROENTEROLOGY

} Chest

} Circulation

} CLINICAL AND INVESTIGATIVE MEDICINE

} CRITICAL CARE MEDICINE

} Diabetes Care 

} Gastroenterology

} Gut

} Heart

} Hypertension

} J Am Board Family Practice 

} JOURNAL OF THE AMERICAN COLLEGE OF CARDIOLOGY

} JOURNAL OF THE AMERICAN GERIATRICS SOCIETY

} JOURNAL OF THE AMERICAN MEDICAL INFORMATICS 
ASSOCIATION

} JOURNAL OF CLINICAL EPIDEMIOLOGY

} JOURNAL OF FAMILY PRACTICE

} JOURNAL OF GENERAL INTERNAL MEDICINE

} JOURNAL OF INFECTIOUS DISEASES

} JOURNAL OF INTERNAL MEDICINE

} JOURNAL OF NEUROLOGY NEUROSURGERY AND 
PSYCHIATRY

} JOURNAL OF THE AMERICAN MEDICAL ASSOCIATION

} Lancet

} MEDICAL CARE

} MEDICAL JOURNAL OF AUSTRALIA

} NEW ENGLAND JOURNAL OF MEDICINE

} Neurology

} Pain

} Spine

} Stroke

} Thorax



Building Corpus 1

Treatment and Etiology Categories

Downloaded all articles from the journals 
in the publication time period.

Review ACP Journal from 8/1998 to 
12/2000 for articles that are cited by the 
ACP in the journal time period.

+ +

12/2000
8/1998 9/1999



Building Corpus 2

Prognosis and Diagnosis Categories

12/2000
8/1998 9/1999

Lengthened the publication time period.

Lengthened the journal time period.

12/2001

8/1998 8/2000

+ +



ACP Journal Club Corpus

Treatment Etiology Diagnosis Prognosis

Corpus Used Corpus 1 Corpus 1 Corpus 2 Corpus 2

Positive Articles 379 205 102 74

Negative Articles 15407 15581 34864 34836

2.5% 1.3% 0.3% 0.2%



Converting documents to 

components



A Representation for the Examples

1

2

3

4



title_clinical, title_significant, 

title_cerebrospinal, title_fluid 

retrospective, level, 

metabolites, malaria, severe

pt_Clinical Trial, 

pt_Randomized Controlled Trial

mh_Malaria, Cerebral; mh_Malaria, 

Cerebral/cerebrospinal fluid, 

mh_Malaria, Cerebral/drug therapy



Document Preparation

} òThe clinical significance of cerebrospinal.ó

Representation

} òTheó, òclinicaló, òsignificanceó, òofó, 
òcerebrospinaló

Stop word removal

} òClinicaló, òSignificanceó, òCerebrospinaló

Porter Stemming (i.e. getting the roots of words)

} òClinic*ó, òSignific*ó, òCerebrospin*ó

Word encoding

} Encoded using a log frequency with 
redundancy weighting scheme.



Support Vector Machines



Linear Support Vector Machine
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Classifying Unseen Examples
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Non-linear Support Vector Machine

Var1

Var2 Constructed 

Feature 1

Find function (x) to map to 

a different space

Constructed 

Feature 2



Specific Parameters

}Linear Kernel

}Cost ð[0.1, 0.2, 0.4, 0.7, 0.9, 1, 5, 10, 20, 100, 1000]

}Polynomial Kernel

}Cost parameter ð[0.1, 0.2, 0.4, 0.7 0.9, 1, 5, 10, 20]

}Degree of Kernel ð[1,2]

}Costs applied proportional to the priors in the data.



Performance Estimation



Evaluating the Model

10 fold cross validation

15803 
articles

train

validation

test

10 fold cross
validation to estimate
performance and error



Model Interpretation



Interpreting Models

ÅReceive Operating Curves

ÅArea Under the Curve

Centor RM. The Use of ROC 

Curves and Their Analyses. 

Med Decis Making 

1991;11(2):102-106.



Example Receiver Operating Curves

Perfect Separation 

Area Under the 

Curve ~ 1.0

Okay Separation 

Area Under the 

Curve ~ 0.8

Random Separation 

Area Under the Curve 

~ 0.5





Review
Labeled

Examples

Unseen 

Examples

Labeled

1 Learning Algorithms

ÅSupport Vector Machines





ACP Journal Club Corpus

Treatment Etiology Diagnosis Prognosis

Corpus Used Corpus 1 Corpus 1 Corpus 2 Corpus 2

Positive Articles 379 205 102 74

Negative Articles 15407 15581 34864 34836

2.5% 1.3% 0.3% 0.2%



Results ðArea under the ROC curve

Category Average AUC Range

over n folds

Treatment 0.97* 0.96 - 0.98

Etiology 0.94* 0.89 ð0.95

Prognosis 0.95* 0.92 ð0.97

Diagnosis 0.95* 0.93 - 0.98

* - Best results obtained with polynomial support vector machine.

* - P values are not applicable. Statistical comparisons are not 

made between categories.



Prospective Validation Design

1998-1999 Corpus

2005 Corpus

Labeled

1 Learning Algorithms

ÅSupport Vector Machines



Corpus 3 - 2005 Corpus

2/2006

3/11/2005 8/31/2005

Downloaded all articles from the journals 
in the study period.

Review ACP Journal from 7/2005 to 2/2006 
for articles that are cited by the ACP.

+ +



Corpus Composition

2005 Treatment Etiology Prognosis Diagnosis

Positive 

Articles

351 47 30 23

Negative 

Articles

6,921 7,601 7,618 7,625

5.1% 0.6% 0.4% 0.3%

1998-2000 Treatment Etiology Prognosis Diagnosis

Positive 

Articles

379 205 74 102

Negative 

Articles

15407 15581 34864 34836

2.5% 1.3% 0.2% 0.3%



Results ðArea Under the Curve

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1

Txmt Diag Prog Etio

Estimated Performance 2005 Performance



McMaster Corpus
Labeled

Examples

Unseen 

Examples

Labeled

1 Learning Algorithms

ÅSupport Vector Machines

Å49,028 articles.

Å161 journals covering 

surgery, pediatrics, 

oncology.

Å18 labeled categories.



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



Type Number 

Positives

Category Area Under the 

Curve

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



Conclusions

}Text categorization methods can learn models of 
quality and content using the selected gold standard. 

}Aphinyanaphongs Y, Tsamardinos I, Statnikov A, et al. 
Text Categorization Models for High Quality Article 
Retrieval in Internal Medicine. J Amer Med Inform 
Assoc. 2005;12(2):207-216.

}Aphinyanaphongs Y, Aliferis C. òLearning Boolean 
Queries for Article Quality Filtering.ó In: MEDINFO; 
2004; San Francisco, CA; 2004.





Clinical Query Filters

ÅMeSH Explosions
ÅBoolean Queries
ÅOrdered by Date

Treatment Sensitive Filter
((clinical[Title/Abstract] AND 
trial[Title/Abstract]) OR clinical 
trials[MeSH Terms] OR clinical 
trial[Publication Type] OR 
random*[Title/Abstract] OR random 
allocation[MeSH Terms] OR therapeutic 
use[MeSH Subheading])

Treatment Specific Filter
(randomized controlled trial[Publication 
Type] OR (randomized[Title/Abstract] 
AND controlled[Title/Abstract] AND 
trial[Title/Abstract]))



Comparison to Clinical Query Filters

1998-1999 (Corpus 1 and 2)
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Comparison to Clinical Query Filters

1998-1999 (Corpus 1 and 2)
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Comparison to Clinical Query Filters

2005 (Corpus 3)
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Comparison to Clinical Query Filters

2005 (Corpus 3)

Diagnosis - Fixed Specificity
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Compared to Clinical Query Filters

2005 ðCorpus 3

Clinical Prediction Guide - Fixed 

Specificity
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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

ImpactFactor 

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





Building a Final Model

} Take all combinations of parameters and use cross-validation with 

one set of parameters to estimate performance. 

} Choose a final model with the best parameters.

Cost 0.1 ðDegree 1 0.94

Cost 1 ðDegree 1 0.97

Cost 2 ðDegree 1 0.93

Cost 1 ðDegree 1



ML Model to Ranking Articles
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EBMSearch (http://www.ebmsearch.org)

}Built final models in 

treatment, etiology, 

diagnosis, and prognosis.

}Scored articles in 

MEDLINE from 2000 ð

2006.



EBMSearch - Results Page



Example Queries

} "Heart Failure, Congestive/diet therapy"[MeSH] OR 

"Heart Failure, Congestive/drug therapy"[MeSH] OR

"Heart Failure, Congestive/therapy"[MeSH])



Using PubMed Only (10/29/2003)

1. Gadolinium cardiovascular magnetic resonance predicts 
reversible myocardial dysfunction and remodeling in patients 
with heart failure undergoing beta-blocker therapy.

2. Hospitalization rates and length of stay for cardiovascular 
conditions in Canada, 1994 to 1999.

3. Hormone replacement therapy is associated with improved 
survival in women with advanced heart failure.

4. Noncardiac comorbidity increases preventable 
hospitalizations and mortality among Medicare beneficiaries 
with chronic heart failure.

5. Effect of trapidil on cardiovascular events in patients with 
coronary artery disease (results from the Japan 
Multicenter Investigation for Cardiovascular 
Diseases -Mochida [JMIC-M]).



Getting to this.

1. Eplerenone, a selective aldosterone blocker, in patients with 
left ventricular dysfunction after myocardial infarction. 

2. Hawthorn extract for treating chronic heart failure: meta -
analysis of randomized trials. 

3. Efficacy of perindopril in reduction of cardiovascular events 
among patients with stable coronary artery disease: 
randomised, double -blind, placebo -controlled, 
multicentre trial (the EUROPA study). 

4. Vasopressin V2-receptor blockade with tolvaptan in patients 
with chronic heart failure: results from a double -blind, 
randomized trial . 

5. Effects of candesartan in patients with chronic heart failure 
and preserved left-ventricular ejection fraction: the 
CHARM -Preserved Trial . 



Example Syncope - Treatment

1. Strategy for the management of vasovagal syncope.

2. Prevention of Syncope Trial (POST): a randomized 
clinical trial of beta blockers in the prevention of 
vasovagal syncope; rationale and study design.

3. Syncope Evaluation in the Emergency Department Study 
(SEEDS): a multidisciplinary approach to syncope 
management.

4. A randomized and controlled pilot trial of beta-
blockers for the treatment of recurrent syncope in patients 
with a positive or negative response to head-up tilt test.

5. Second Vasovagal Pacemaker Study (VPS II): rationale, 
design, results, and implications for practice and future 
clinical trials. 



Example Osteoarthritis Pain - Treatment

1. Electroacupuncture versus diclofenac in symptomatic 
treatment of osteoarthritis of the knee: a randomized 
controlled trial

2. Double -blind placebo -controlled trial of static magnets 
for the treatment of osteoarthritis of the knee: results of a 
pilot study. 

3. Efficacy of different therapy regimes of low-power laser in 
painful osteoarthritis of the knee: a double -blind and 
randomized -controlled trial.

4. A herbal remedy, Hyben Vital (stand. powder of a subspecies 
of Rosa canina fruits), reduces pain and improves general 
wellbeing in patients with osteoarthritis--a double -blind, 
placebo-controlled, randomised trial. 

5. Lidocaine patch 5% and its positive impact on pain qualities in 
osteoarthritis: results of a pilot 2-week, open-label study
using the Neuropathic Pain Scale. 



Clinical Questions

Evaluation of output



Source of the clinical questions & gold -

standard answers: Evidence Based Question 

Database

"alpha 1-Antitrypsin 
Deficiency"[MAJR] AND 
english[la]

Gold Standard Reference



Randomly-selected  Questions

} Is replacement therapy an effective strategy for treating 
patients with alpha-1 antitrypsin deficiency ?

} Is single or combination antibiotic therapy more effective for 
treatment of Pseudomonas infection ?

}What is the evidence from randomized controlled trials 
regarding the use of antibiotic prophylaxis during upper GI 
bleeding in cirrhotic patients with no ascites?

} Is there evidence to support the use of arterial lines 

(pulmonary artery catheters) to guide therapy in the adult 

critically ill patient? Is there an associated reduction in 

mortality reported in this literature?

}How should a complicated urinary tract infection in an 

adult patient be managed?



Randomly-selected  Questions

}What strategies does the literature discuss for the local 

treatment of decubitis ulcers (pressure sores) in adult 

intensive care unit patients?

}What evidence is there for the use of magnesium sulfate in 
asthma exacerbations , not status asthmaticus? 

} Is there evidence that octreotide is an effective intervention 
for non variceal upper gastrointestinal bleeding? 

}Find any reports in the literature of propofol causing 
rhabdomyolysis in adults. 

} Is intravenous immunoglobulin an effective intervention for 
treatment of adult patients with Stevens Johnson 
syndrome ? 



Performance Criteria

}To identify As Many Gold Standard Articles As Possible 

(i.e. recall, sensitivity).

}To rank gold standard articles higher than other articles 

(Average Precision at Seen Documents).

}Calculating the precision when a gold standard article is 

encountered in the ranked list and averaging the collected 

precisions.

} i.e. if we have 10 gold standard articles. A system that produces 

all 10 in the top 10 is better than a system that produces the 

10 in the top 100.



Average Precision at Seen Documents/ 

Average Recall (Articles with Abstracts)

EBMSearch Pubmed CQF ( sens) CQF (spec)

NumberQuestions 

with Best Average 

Precision at Seen 

Documents

5 questions 1 question 1 question 2 questions

Average Average

Precision at Seen 

Documents

0.211 0.151 0.116 0.169

Average Recall 0.72 0.72 0.69 0.35

* - decubitis ulcers query did not return any gold standard articles.



Converting Support Vector 

Machines to Boolean Queries



No

Decision Tree for PlayTennis

Outlook

Sunny Overcast Rain

Humidity

High Normal

Wind

Strong Weak

No Yes

Yes

YesNo

Outlook Temperature Humidity Wind    PlayTennis

Sunny        Hot            High    Weak       ?



Decision Tree 

Outlook

Sunny Overcast Rain

Humidity

High Normal

Wind

Strong Weak

No Yes

Yes

YesNo

Ådecision trees represent disjunctions of conjunctions

(Outlook=Sunny Humidity=Normal) 

(Outlook=Overcast)

(Outlook=Rain Wind=Weak)



13 Selected Words (Treatment)
} Leagu [Textword]

} Coalit [Title]

} Catheterization, Central Venous: adverse effects [MeSH]

} Ribavirin: adverse effects [MeSH]

} Acupuncture Therapy [MeSH]

} Trandolapril [Textword]

} Pregnancy Complication: Prevention and Control [MeSH]

} Comprehens [Title]

} Meta-Analysis [Publication Type]

} Randomis [Textword]

} Trial [Textword]

} Randomized Controlled Trial [MeSH]

} Treatment [Textword]



Treatment Decision Tree

}(òMeta-analysisó [Publication-Type]) OR (òRandomized 

controlled trialó [Publication Type] and Treatment 

[TextWord]) OR (òRandomized controlled trialó 

[Publication Type])



13 Selected Words (Etiology)
} Associ [Textword]

} Risk Factors [MeSH]

} Mortal [Title]

} 95 [Textword]

} Meta [Title]

} Killip [Textword]

} Drinker [Textword]

} Phentermin [Textword]

} Sick role [MeSH]

} Autoimmunity [MeSH]

} Homocyst [Textword]

} Smoking Cessation [MeSH]

} Weather [MeSH]



Etiology Decision Tree



Performance of Boolean Queries

Category Performance 

with Support 

Vector 

Machines

Performance 

with Decision 

Trees

Treatment 0.97 0.95

Etiology 0.94 0.90



Text Categorization for Identifying Unproven 

Cancer Treatments on the Web

Aphinyanaphongs , Y, AliferisC. òText Categorization Models 

for Identifying Unproven Cancer Treatments on the Web.ó In: 

Medinfo2007; Sydney, Australia.



ñThe killing of all parasites and their larval stages 

together with removal of isopropyl alcohol and 

carcinogens from the patientsô lifestyle results 

in remarkable recovery (from cancer) 

generally noticeable in less than a weekò



Motivation

} Internet allows quacks to advocate unproven, and 

inaccurate treatments. 

}Can we build filters that automatically identify these 

quack websites to warn patients and healthcare 

consumers more generally?

Clark H.,1993.



Why now?

·65% of cancer patients searched unproven treatments.

·12% pursued unconventional therapies online.

·83% of cancer patients use at least one unproven 

treatment.

·Patients are ill-equipped to evaluate treatments.

·Rapid internet growth allows easy publication of any 

unproven treatment.



Previous Approach - Self Regulation

}Self regulation.

}Health on Net Foundation.

}Limitations

}Requires knowledge of certification.

}Vigilant public to report violations.

Health on the Net; http://www.hon.ch/

Eysenbach G, et al. 2002.

http://www.hon.ch/


Previous Approach - Expert Rating Tools

}Expert rating tools.

}Limitations

}Require knowledgeable public to apply.

}Difficult to validate & most instruments not 
validated.

}Time consuming to produce.

}Do not produce consistent ratings.

}Ratings tools are not appropriate for use on 
complementary/ alternative medicine sites.

}Manual review requires reviewer time and limits in 
web sites selected to review.

Bernstam EV, Shelton DM, et al. 2005.

Kim P, et al. 1999.

Bernstam EV, Sagaram S, 2005.

Ademiluyi G, et al. 2003.

Walji M, et al. 2004.



Ideal Solution

}Validated.

}Easy to use by health care consumers.

}Works on any webpage.



Hypothesis

}Automated classification approaches effectively identify 

web pages that make unproven claims.



Quackwatch.org

} 38 year old nonprofit organization.

}òcombat health related frauds, 

myths, fads, fallacies, and 

misconductó

} 152 person scientific and advisory 

board.



Gold standard

}Considered web pages about 8 quack treatments identified by 

quackwatch.org.

}òCure for all Cancersó

}òMistletoeó

}òKrebiozenó

}òMetabolic Therapyó

}òCellular Healthó

}òICHTó

}òMacrobiotic Dietó

}òInsulin PotentiationTherapyó

}Applied to Google appending òcanceró and òtreatment.ó

}Top 30 results for each treatment labeled by the authors.



Gold Standard

}Two authors labeled 191 out of 240 web pages as making 

unproven claims or not (Inter-rater Reliability - Kappa 0.76)

}Excluded 

} not found (404 response code) error pages

} no content pages

} non-English pages

} password-protected pages

} pdf pages

} redirect pages

} pages where the actual treatment text does not appear in the document



Content Representation

}Bag of Words.

}Removed all content between style and script tags.

}All tags (including style and script tags removed).

}Replaced all punctuation with spaces.

}Split on spaces to obtain words.

}Stemmed the words.

}Applied stop word list.

}Removed any words appearing less than 3 pages.

}Encoded words using log frequency with redundancy scheme.



Quackometer

}Heuristic, unvalidated, and unpublished quack detection 

tool.

}http://www.quackometer.net

}Looks for words in 5 dictionaries

}Altmed terms ðhomeopathic, herbal.

}Pseudoscientific words ðtoxins, superfoods.

}Domain specific words ðenergy, vibration.

}Skeptical words ðplacebo, flawed

}Commerce terms ðproducts, shipping

}Algorithm counts frequency of terms and applies a 

frequency threshold, then generates a score between 0 -

10.

}AUC for each 10 fold split.

http://www.quackometer.net/


Google Pagerank
}Compared Pagerank within each topic to avoid bias in 

ranking situations.

}Observed Google rankings for top 30 results when query 

was applied.



Example - Google PageRank

} 1  

} 2  quack page

} 3  

} 4  

} 5  quack page

} 6

} 7  

} 8

} 9  quack page

} 10 quack page

Gold standard

Å4 false claim pages

Area Under the Curve 

ð0.71



Results

Model Area Under the 

Curve

MachineLearning Models0.93

Quackometer* 0.67

Google 0.63

* Keyword matches ðherbal, shipping, superfoods, energy, flawed, etc.



Receiver Operating Curves



Failure Analysis

}Support Vector Rank

}Success - Low quality page in top 5

}Failure ðLow quality page in greater than top 5.

}Quackometer Score

}Success ðLow quality pages score 5 ð10.

}Failure ðLow quality pages score 0 ð5.

}Google

}Success ðLow quality page in bottom 20.

}Failure ðLow quality page in top 10.



Failure Analysis Examples

Excerpts Support 

Vector Rank

Quackometer

Score

Google 

Rank

I am convinced that our mind and 

emotions are the deciding factor in the 

cure of cancer.

1 (Success) 1 (Failure) 16 

(Success)

The hundreds of clinical studies 

conducted by many competent 

physicians around the world, including 

those directed by Dr. Emesto Contreras 

Rodriguez at the Oasis of Hope Hospital 

hospital in , give us complete confidence 

that there is no danger.

3 (Success) 0 (Failure) 9 (Failure)

The cure shows results almost 

immediately and lasts three weeks only. 

It is cheap and affordable for everybody 

and proved with 138 case studies.

3 (Success) 8 (Success) 3 (Failure)



Failure Analysis Examples

Excerpts Support 

Vector Rank

Quackometer

Score

Google 

Rank

Many advanced cancer patients are 

petrified of their tumor. This knee -jerk 

reaction is caused by orthodox medicine's 

focus on the highly profitable (and 

generally worthless) process of shrinking 

tumors.

1 (Success) 1 (Failure) 18 

(Success)

IPT (Insulin Potentation Therapy) has an 

outstanding 135 doctor -year track record 

(115 years for cancer) over 72 years, and 

is ready for clinical trials and widespread 

use.

1 (Success) 0 (Failure) 1 (Failure)

We are proud of these findings, which 

confirm that cellular medicine offers 

solutions for the most critical process in 

cancer development, the invasion of 

cancer cells to other organs in the body. 

Conventional medicine is powerless in 

this.

2 (Success) 1 (Failure) 8 (Failure)



Advantages

}No need to develop explicit rating criteria.

}Allow automated application to any web page.



Conclusions

}First validated study showing feasibility of pattern 

recognition filters that identify web pages that make 

unproven claims on the web.

}This technology is a first step toward automated 

mechanisms to protect patients from 

unproven/dangerous information on the web.



(Main) Conclusions

}Machine learning models can identify high quality articles 

in the primary literature as defined by EBM meta-

publications. 

}Machine learning models have superior performance in 

identifying high quality articles than state-of-the-art manual 

and citation-based methods. 

}Machine learning models can identify gold standard articles 

for answering real -life clinical questions superior to 

state-of-the-art methods.

}Machine learning can identify web pages that make false 

cancer treatment claims superior to state-of-the-art 

search engine algorithms and ad-hoc models. 



A few specific open problems to consider

}How do models work for clinical questions in other classes 

(prognosis, diagnosis, etiology)?

}How vulnerable are models to being gamed?

}How do we ensure that models do not become obsolete?

}How do we build user search interfaces that allow users to 

get the information they need quickly and efficiently?

}For clinical questions that EBMSearch could not answer, why 

did they fail? How can these be fixed?

}We used sensitivity and average precision at seen documents 

to compare search engines. What are other clinically 

informative measures to compare search engines? 



Open problems CONTõD

}Large-picture solution to the biomedical information 

retrieval problem involves integration with other 

techniques. Specifically:

} Identify/select a limited class of questions asked by health 

professionals.

} Integrating user feedback.

} Linking user queries to chosen papers.
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