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Salmonella pathogenesis Cancer biomarkers
810 publications 475 publications
2006 to 2017 2006 to 2017

Which of these areas
of research is most
likely to translate from
bench to bedside?
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Predicting which advances in scientific knowledge
are most likely to translate from bench to bedside

Scientific advances can take decades
to translate into improvements in human health

Can this time interval be shortened?

— Clinical trials and guidelines (CT/CGs) are attempts to improve human health (shots on goal)

— We can define translation as the citation of a biomedical research publication by a CT/CG

* Predicated on the idea that the citation occurs because some aspect of the work is of value to the citer

— The goal of this project is to provide decision-makers with information about the likelihood
that one or more publications will be cited by a CT/CG

m National Institutes of Health
Office of Portfolio Analysis



Predicting which advances in scientific knowledge
are most likely to translate from bench to bedside

Scientific advances can take decades
to translate into improvements in human health

Can this time interval be shortened?

Can we identify particular data profiles associated with publications that have a high likelihood of translation?

— We built a machine learning model to explore this possibility

e Generated data profiles that incorporate the citation dynamics of all papers in PubMed

o These data profiles include NLM-assigned Medical Subject Heading (MeSH) terms, almost all of which are
located within one of three major branches in the MeSH ontology (Human, Animal, or Molecular/Cellular)

* Trained the model to recognize data profiles that have the hallmarks of translation

* Applied this algorithm to all publications in PubMed and assigned each a score (estimated likelihood of
translation)
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Historical pattern of bench-to-bedside translation

~25% of all papers published in 1995
received a CT/CG citation by 2014

Distinct patterns for papers
in different MeSH categories:

Fundamental publications (0% Human MeSH)
e CT/CG citations accumulate at a slower rate
and reach a lower plateau

Human-focused publications (100% Human MeSH)
e CT/CG citations accumulate at a faster rate
and reach a higher plateau (roughly twice
that of fundamental publications)
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Griffin Weber’s triangle of biomedicine*: Pro and Con

Pro: Con:
— Uses MeSH categories to position Human — Uses binary counting
publications at the vertices of a (only eight positions)

trilinear graph:  Sample publication #1

* Human .
e Animal MeSH: 1 Human, 3 Anima
e Molecular/Cellular Human & Human & e Sample publication #2
Mol/Cell f\mmal\ MeSH: 5 Human, 3 Animal
® e Both of these publications

are placed at the same
Human/Animal position

Human &
Animal & Mol/Cell

@
Mol/Cell Animal & Animal

Mol/Cell

Though fractional counting is
computationally intensive,
it solves this problem
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* Weber G.M. Identifying translational science within the triangle of biomedicine
Journal of Translational Medicine 11(126) doi:10.1186/1479-5876-11-126 (2013)



http://dx.doi.org/10.1186/1479-5876-11-126

Introducing fractional counting to Griffin Weber’s triangle of biomedicine

Human

Binary Counting
Human &

Human & .
Sample publication #1 Mol/Cell o Animal
MeSH terms { 1 Human Huran & | |
3 Animal Fractional Counting

Animal & Mol/Cell

@
Mol/Cell Animal & Animal

Mol/Cell

Immunacbiclogy. 2015 May;220(5):624-5 doi- 10 1016/j imbic 2014 11.019. Epub 2014 Dec 6.

Anti-CTLA-4 therapy may have mechanisms similar to those occurring in inherited human CTLA4
haploinsufficiency.

Bakacs T, Mehrishi JN?.
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Introducing fractional counting to Griffin Weber’s triangle of biomedicine

Human

Fractional Counting

Binary Counting
Human &
Animal

Human &

Sample publication #2 Mol/Cell o
5 Human
MeSH terms
{ 3 Animal Human &

Animal & Mol/Cell

O
Mol/Cell Animal & Animal

Mol/Cell

Biomed Pharmacother. 2016 Oct;83:1247-1252. doi: 10.1016/.biopha.2016.08.050. Epub 2016 Aug 24.

Xenogeneic cell-based vaccine therapy for colorectal cancer: Safety, association of clinical
effects with vaccine-induced immune responses.

Seledtsova GV, Shishkov AA', Kaschenko EA!, Seledtsov VIZ.
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MeSH profile of publications cited by CT/CGs over time

All PubMed publications in 1995; fractional counting
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Can the data profiles of publications and their
citing networks be used to predict future translation?
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Machine learning: quantifying translational potential at scale

Build a data profile | .-
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Using machine learning to predict translation

Step 1
Build data profiles

Create a training set of
data elements associated with...

— Each article of interest
* (itations per year
e MeSH categories (HAMC)
* Modifying MeSH terms
= Disease

» Therapeutic/Diagnostic Approaches
= Chemicals/Drugs

— Each corresponding citing network
e MeSH categories (HAMC)
* Modifying MeSH terms
= Disease

» Therapeutic/Diagnostic Approaches
= Chemicals/Drugs

e Summary stats (max, mean, s.d.)

MeSH terms N
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L'J

MeSH terms
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Using machine learning to predict translation

Step 2 Training set: 5-20 year old articles
Train the algorithm Al
o N\
HAMC Summary stats A.‘rtlc.:le Clt!ng QUtc.ome Trained Machine
Disease, Th-:;rap., Drug } (max, mean, s.d.) Citation RESEEEE + Iehiczidiem [y - Learning Model
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" 4

Approximate Potential to Translate (APT) scores
(estimated likelihood of translation)
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Using machine learning to predict translation

Step 3
Test recall and precision

— Limited
Use data profiles two years after publication
* 84% accuracy

— Expanded
Use data profiles for all years after publication
* 85% accuracy

Predictions made two years after publication are
almost as accurate as those made when including
data available after many more years have elapsed
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Machine learning predictions are at least as accurate as expert review

True Positive Rate
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Can we identify particular data profiles
that have a high likelihood of translation?
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The ranked importance of variables that determine APT scores

Human-focused Fundamental
Rank All articles articles articles

(100% H MeSH) (0% H MeSH)
1 Cites/Year (P) Cites/Year (P) Human (mean)
2 Human (mean) Drug (s.d.) Human (s.d.)
3 Human (s.d.) Disease (s.d.) Cites/Year (P)
4 Disease (mean) Therap. (mean) Disease (mean)
5 Human (max) Human (mean) Disease (s.d.)

differs between human-focused and fundamental articles
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Proof of concept: can we use citation “genetics” to discover
what types of citing papers increase an article’s APT score?

Articles of interest in this experiment were those with
an APT score of 25% after two years that increased
to an APT score of 50-95% after three years

"Mutate” the citing papers in year three to include only
the following MeSH terms:
* Human
e Animal
* Mol/Cell
e Human plus Disease, Therapeutic/Diagnostic, and
Chemical/Drug (H+)

Test with the trained
machine learning algorithm

How does engineering the data profiles
of citing papers impact APT scores?
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A APT

The strongest predictor of translation for all articles
is citation by papers with Human+ MeSH terms
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Can we use APT scores in the real world
to identify emerging areas of translational research?
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Salmonella pathogenesis Cancer biomarkers
810 publications 475 publications
2006 to 2017 2006 to 2017

Which of these areas
of research is most
likely to translate from
bench to bedside?
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Two examples: Salmonella pathogenesis and miRNA cancer biomarkers

Salmonella pathogenesis
649 publications (36% NIH-funded)
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Two examples: Salmonella pathogenesis and miRNA cancer biomarkers

Distribution of APT scores Number of publications with APT scores >=75%
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MeSH profile of publications cited by CT/CGs over time

All PubMed publications in 1995; fractional counting
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Visualizing the pattern of emergent translational science

Human Human

miRNA cancer biomarkers
2006 to 2017

Salmonella pathogenesis
2006 to 2017

Mol/Cell 2006 Animal Mol/Cell 2006 Animal
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Summary and Conclusions

— As expected, fundamental research articles take longer to be cited by a clinical trial or guideline (CT/CG)

e Twice as many human-focused as fundamental research articles eventually receive a clinical citation
e The cohort of fundamental research articles cited by a CT/CG grows steadily over the first ten years after publication

— Information conveyed by the scientific community within two years after publication suffices for our machine
learning model to predict the likelihood of citation by a CT/CG (Approximate Potential to Translate, or APT score)

— APT scores are as least as good as subject matter experts in predicting clinical impact

— MeSH profiles of the papers citing a research article are predictive of its clinical impact

e Citation by Molecular/Cellular-focused papers decrease an article’s APT score

» Citation by human-focused papers that have modifying MeSH terms (Disease, Therapeutic/Diagnostic, and
Chemicals/Drugs) increase an article’s APT score

— APT scores can be used to identify emerging areas of translational research
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