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Medical Subject Headings
(MeSH)

> Controlled, Hierarchically-Organized
Vocabulary

> Indexing, Cataloging, Searching of
biomedical information

> Descriptors hierarchically arrayed in
up to 13 levels

> MeSH descriptors contain one or
more concepts

Medical Subject Headings (MeSH)

Nervous System Diseases
Mental Disorders
Central Nervous +

Neurodegenerative  System Diseases
Diseases Neurocognitive

Disorders
Brain Diseases

Tauopathies

Dementia

Alzheimer Disease




Medical Subject Headings
(MeSH)

> Unique Identifier (ConceptUI)
assigned to each concept

> Broader-Narrower relationship
Preferred Concept

> Different granularity across the
Network

> Biomedical Literature annotated with
set of MeSH concepts

Alzheimer Disease
MeSH Descriptor Data 2020

Details Qualifiers MeSH Tree Structures

Alzheimer Disease Preferred

Acute Confusional Senile Dementia Narrower
Dementia, Presenile Narrower

Alzheimer Disease, Late Onset Narrower
Alzheimer's Disease, Focal Onset Narrower
Familial Alzheimer Disease (FAD) Narrower
Alzheimer Disease, Early Onset Narrower

Concepts




Biomedical Semantic Indexing

d Manual Dictionary-based
0 Automatic == Biomedical Concept Statistical
Extraction
Rule-based

,“;j HTET Machine Learning




Weakly-Supervised Learning

Supervised Learning Ground-truth Labels High Cost
Efficient Lower-Quality Related Work
Labeling

e Rule-based NLP Algorithm
e Incomplete

e Inexact e Fine-Grained Concept

e |naccurate Occurence Heuristic



Purpose of Research

> Study Fine-Grained Semantic Indexing for
Biomedical Literature

> Enrich Training Dataset with Semantic Features
from Different Sources (Citations & References)

> Evaluate the Proposed Method



Baseline Method



Stage 1: Assign weak labels to a set of documents

Weak Labels
Training Dataset

E-utilities
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Obtain a set of documents,
annotated with the desired MeSH
descriptor, through Pubmed, using
the Entrez Programming Utilities.
Abstracts and titles are included.

Assign weak labels to each
document using MetaMap, a tool for
mapping biomedical text to the
MeSH Terminology. The instances
are multi-labelled.
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Weakly
Annotated

Dataset

Stage 2: Model Development Process

Feature
Pre-processing Classification
and Selection

Data Model
Pre-process Training
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MeSH Heading Concepts [Concept Unique Identifier, CUI]

Biomedical article - " "
PMID: 25523933 - WA EEREEES Structural Biology [C0597531]

Presenilin-1 [C0299212] labelling

Title: Structural biology of
presenilin 1 complexes.

Abstract: The presenilin genes
were first identified as the site
of missense mutations causing
early onset autosomal
dominant familial Alzheimer's

disease. ...

Concept

recognition Early Onset AD [C0750901] Semantic

features

Structural
Tokenization biology Lexical

f

Concept occurrence
(L0401 .0 ] Vector

representation

Token frequency
Al (L eyt

Step1: Data Pre-Process

Lexical and semantic features are
produced, using the documents’ text,
as well as the concept information
from MetaMap, creating the
feature-label matrix.
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Step2: Feature Selection
Analysis defines the
weights of each feature and
finds the features that are
most useful for predicting
the fine-grained labels.

Step3: Model Training
Four different classifiers
are trained for this
multi-label classification
task: DTC, RFC, LSVC and
LRC.

Step4: Classification
Experiments showed that
models trained with the
weak labels can give better
results than the heuristic
of the concept occurrence
alone.
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Proposed Method
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New Model Development Process

Feature
Pre-processing Classification

and Selection
Weakly

Annotated
Dataset
Data Model
Pre-process Training

Concept
Representation
(citations &
references)
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References

PMID: 25523933

Title: Structural biology of
presenilin 1 complexes.

Abstract: The presenilin genes
were first identified as the site
of missense mutations causing
early onset autosomal
dominant familial Alzheimer's

disease. ...

References

olfe MS. Processive proteolysis
by gamma-secretase and the

mechanism of Alzheimer's disease.

doi: 10.1515/hsz-2012-0140

Papers which the specific paper cited

Citations

PMID: 19278647

Title: Toward structural
elucidation of the gamma-
secretase complex.

Abstract: Gamma-Secretase is
an intramembrane protease
complex that mediates the
Notch signaling pathway and
the production ...

PMID: 22944690

Title: Processive proteolysis by y
secretase and the mechanism of
Alzheimer's disease.

membrane embedded protease
complex with presenilin as the
catalytic component. Cleavage
within the transmembrane ...

PMID: 25523933

Citation

Title: Structural biology of
1 complexes.

were first identified as the site
of missense mutations causing
early onset autosomal ..

PMID: 25523933

Citation

Title: Structural biology of
resenllm 1 complexes

were f/rst ldent/fled as the site
of missense mutations causing
early onset autosomal .

Papers which cited the specific paper
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Enriched Dataset

Development

> Semantic Scholar

> Extra fields of interest:

O

paperld (Generated research
paper ID)

citations (List of paper IDs
which cited a specific paper)
references (List of paper IDs
which a specific paper cited)

Use Case

WS(und) dataset
Alzheimer Disease

¢

4.162 documents

18



Enriched Dataset Development

-> 3 different datasets: Citations, References, Combination

Keep only the citations and references

-=> Need to use MetaMap -
that already exist in the dataset

extracted concepts

Articles WS (und) Total: 4362
O O i
Citations | no Citations References | no References & References | | References
|

2005 2357
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WS(und) Dataset and Test Sets

Use Case

Alzheimer

Disease

(AD)

Fine-
Grained
Weak
Labels

PD

FAD

labels
/
total
labels

WS(und)
Dataset
(4.162)

Training Sets

Test Sets

With
Citations

With
References

With
Combination

Citations Case

References Case

Combination Case

Balanced
MA2
(56)

Balanced
MA2
(58)

Balanced
MA2
(38)
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Extra Semantic Features

References Case

MeSH Heading

Biomedical article

/é Alzheimer Disease ]

PMID: 25523933

Title: Structural biology of
presenilin 1 complexes.

Abstract: The presenilin genes
were first identified as the site
of missense mutations causing
early onset autosomal
dominant familial Alzheimer's
disease. ...

Concept
recognition

Tokenization

References

2. Li H, Wolfe MS, Selkoe D).
Toward structural elucidation
of the gamma-secretase complex.
Structure. 2009;17:326-334.
doi: 10.1016/j.str.2009.01.007.

. Wolfe MS. Processive proteolysis
by gamma-secretase and the
mechanism of Alzheimer's disease.
Biol Chem. 2012;893:899-905
doi: 10.1515/hsz-2012-0140

Concept
recognition

Concept
recognition

Concepts [Concept Unique Iden

Structural Biology [C0597531]

Presenilin-1 [C0299212]

Early Onset AD [C0750901]

Tokens

tifier, CUI]

Weak
labelling

Structural

biology

of

Lexical
features

Concepts [Concept Unique Iden

tifier, CUI]

Secretase [C0171484]

Semantic

Presenilins [C0872078]

features

Presenilins [C0872078]

Semantic

features

Secretase [C0171484]

Concept occurrence
[1.0.4..0: 1......]

Token frequency
[110:0.3; -]

Concept occurrence
e a4

Concept occurrence
[0S ORI

Aggregated
Concept occurrence
> [150:6.0 1 ]

=/

> Vector
representation




Experiments
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Experiment Settings

e Total of 12 experiments i
o 4 classifiers (DT, RF, LR, LSVC) | [ References
o binary / frequency values
o chi-square / ANOVA-f
o 7 different subsets of features

e FEvaluation
o feature selection
o classification performance
(MA1, MA2)




Results
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Feature Selection Analysis

Enriched datasets: Feature selection:

o features=45000 EEEEMP o chi2/f (ANOVA

e 4.162 instances e 1000 features

Do the added features play
a significant role in the
model training?
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Citation Semantic Features

21.46% in a total

10.308 new citation ‘
of 48.032 features

features added

B Lexical Features
B Citation Features
B Ssemantic Features

11.4%

45.1%

13.2%
63.9%

Proportions of selected features using citations - k=1000
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Citation Semantic Features

AddedFeatureCUI:C0011265
presenile
AddedFeatureCUI:C0494463
load

5 |GitationAddedFeature:C1418985
AddedFeatureCUI:C1708715

fad
AddedFeatureCUI:C0750901

CitationAddedFeature:C0026882

ate
AddedFeatureCUI:C0276496

€0al
AddedFeatureCUI:C3247466

familial
Position of the 1st citation Gitation ddedreaty emﬂ;gj
feature in the top features CtionAdgedreature COS06988

AddedFeatureCUI:C1418985
CitationAddedFeature:C1708715

early
onset
apoe

T § (CiatonidgedFeatre CIo3677
1rst citation feature CUI C1418985  —
(B EEE = i i
Lexical term "ps1" in position 17 ererect hacsone

psen
AddedFeatureCUI:C0392079

Initial semantic feature in position 19 masions
CitauonAddedFeature:Cng;tGigg

CitationAddedFeaturezcge(ﬁgggg

2nd citation feature CUI C0026882 R L
AddedFeatureCUI:C0002085

("mutations") -> 9th place GtaBonAddedresture 0209212
p MdedFeatureCUI:.C0596983

Lexical feature in position 36

Features’ Weights (chi2/frequency)

. \eights
mmm Citation Weights
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Citations - Added Features

32 new citation semantic features

Citation Features are selected instead of
initial semantic features that represent
the same concept.

Fine-grained concepts of AD

{4

Chosen in both the citation and the
initial semantic form.

[Removed Features |Added Features

[AddedFeatureCUI:C0015295 |CitationAddedFeature:C0015295
CitationAddedFeature:C0015576
|AddedFeatureCUI:C0299212 [CitationAddedFeature:C0299212
|AddedFeatureCUI:C0379528 [CitationAddedFeature:C0379528
CitationAddedFeature:C1883559

abeta42 =~ [citationAddedFeature:C0007634

abo  [citationAddedFeature:C0010813
CitationAddedFeature:C0017337
CitationAddedFeature:C0026882
CitationAddedFeature:C0027882
CitationAddedFeature:C0030705
CitationAddedFeature:C0030956
CitationAddedFeature:C0032416
CitationAddedFeature:C0033975
CitationAddedFeature:C0085151
CitationAddedFeature:C0162638
CitationAddedFeature:C0171484
_ CitationAddedFeature:C0241888
CitationAddedFeature:C0276496
CitationAddedFeature:C0542341
_ CitationAddedFeature:C0596988
inked |citationAddedFeature:C0750901
CitationAddedFeature:C0868928
CitationAddedFeature:C0872078
precursor  [CitationAddedFeature:C1418985
preseniins ~[CitationAddedFeature:C1418986
CitationAddedFeature:C1520855
isk _[citationAddedFeature:C1705543
CitationAddedFeature:C1708715
CitationAddedFeature:C1833334
wild ~[citationAddedFeature:C3247466
g ]

CitationAddedFeature:C3538722

Removed & Added Features (k=100,
chi-square/frequency values) - Citations
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References Semantic Features

19.19% in a total

8.956 new references ‘
of 46.680 features

features added

B Lexical Features
B Reference Features
M Ssemantic Features

30.4%

55.9%

13.7%

Proportions of selected features using references- k=1000
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References Semantic Features

mvowar | 17 | 14|

Position of the 1st references
feature in the top features

Only one new References CUI,
corresponding to a fine-grained
annotation (Familial AD) of Alzheimer
Disease is found in the first 50 positions.

AddedFeatureCUI:C0011265
presenile
AddedFeatureCUI:C0494463

4 [RefAddedFeature:C1418985

AddedFeatureCUI:C1708715
AddedFeatureCUI:C0750901
AddedFeatureCUI:C0276496
RefAddedFeature:C0026882

late
AddedFeatureCUI:C3247466

RefAddedFeature:C0276496
RefAddedFeature:C0872078
RefAddedFeature:C3538722
RefAddedFeature:C0017337
RefAddedFeature:C0007634
dap

perusini
RefAddedFeature:C0596235)

AddedFeatureCUI:C0026882
ps

ps2

mutations
RefAddedFeature:C0162638
AddedFeatureCUI:C0392079
dementia
RefAddedFeature:C1883559
presenilin
AddedFeatureCUI:C1336692
AddedFeatureCUI:C1857316
RefAddedFeature:C0871189
RefAddedFeature:C1857316
RefAddedFeature:C1833334
mutation

Features’ Weights (chi2/frequency)

. \Weights
= Reference Weights
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References - Added Features

6 new references semantic features

References Features for important
concept not occurring in baseline
method's features

Removed Features Added Features

AddedFeatureCUI:C0026882 [RefAddedFeature:C0026882
AddedFeatureCUI:C1418985 |[RefAddedFeature:C1418985

-
Important lexical features removed

apoe = |RefAddedFeature:C0299212
ealy 0000000 :

onset == |RefAddedFeature:C3247466
—

‘ Removed & Added Features (k=20,

chi-square/frequency values - References
Some models improve performance
by using the new semantic features
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Combination Semantic Features

33.80% in a total

19.264 new features ‘
of 56.988 features

added

22% Lexical Features
Reference Features
Citation Features
Semantic Features

37.8%
49.5% 46.4%
16.4%

0
12.1% 8.7% 71%

22%
33.1%

45.6%

12.8%

8.5%

Proportions of selected features using combination (cits & refs)- k=1000
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ombination Semantic Features

Position of the 1st combination
feature in the top features

Out of the first 50 features

16% citations features
30% references features

AddedFeatureCUI:C0011265
presenile
AddedFeatureCUI:C0494463
load

3
AddedFeatureCUI:C1708715

7 [CtationAddedFeature:C1418985

AddedFeatureCUI:C0750901
ate

AddedFeatureCUT:
AddedFeatureCUI:C3247466
familial

eoad

pick

RefAddedFeature:C0299212
RefAddedFeature:C0596988

p
AddedFeatureCUI:C1418985
onset

earl
perusini
allele
dap12
|

RefAddedFeature:C1857316
RefAddedFeature:C0162638 ) LATRE
AddedFeatureCUI:C0026882 mmm Citation Weights

dementia mmm Reference Weights
AddedFeatureCUI:C1336692

Features’ Weights (chi2/frequency) 33



Combination - Added Features

Dataset not enriched with any
semantic features of the new kind
(citations or references)

BUT 5 of them have changed
New features affect feature
weights

Removed Features ____|Added Features
AddedFeatureCUI:C0026882 |apolipoprotein |
gene 0 Jantc 0000

inked ~ |hakola = |
psen2 00 Jnasu 00000
wid 0 jsom 00|

Removed & Added Features (k=50,
chi-square/binary values - Combination
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Performance of the models

336 models
e 112 for each category
o citations
o references
o combination

Models evaluated on the two tests sets

e Total of 672 macro-F1 scores for
each method

Proposed method’s
performance

v Baseline method’s
s performance
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Citation Feature Models

| MA1 | Categoryof values | -IE-
“heter |10 | 13 | bewr | 19 | 1 |

| same | 38 | 31 | same | 21 | 16
| _worst | 8 | 12 | worst | 16 | 23

Number of models with different F1-score - Citations

In both MA1 & MA?2 test datasets, there are
more than ten models that improve the
macro-averaged F1-scores
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Citation Models - Mean Scores MA1

Algorithm
LinearSVC_chi2
LinearSVC_f
LogisticRegression_chi2
LogisticRegression_f

binary_baseline binary_proposed freq_baseline freq_proposed

Mean values of classifiers for MA1 - Citations




Citation Models - Mean Scores MA2

Algorithm
LinearSVC_chi2
LinearSVC f
LogisticRegression_chi2
LogisticRegression _f
RandomForestClassifier_chi2
RandomForestClassifier f

0.78 =

binary baseline binary_proposed freq_baseline freq_proposed

Mean values of classifiers for MA2 - Citations




Citation Models - Best Scores MA1 & MA2

LSVC_chi2_20_binary LR_chi2_10_binary
0.5 ~0.95

LR_f_100_freq LR_f_S0_binary LSVC_f_100_freq LSVC_chi2_50_binary

LR_chi2_100_freq LSVC_f_20_freq RF_chi2_50_freq RF_chi2_50_binary

w— MAL_Cits === MA1_basis —— MA2_cits =——— MA2_basis

Best F1-scores for Citations & baseline methods - MA1 & MA2




References Feature Models

-m- | MA2 | Categoryof values |
| better | 16 | 10 |

| same | 24 | 16 |
| worst | 16 | 30 |

Number of models with different F1-score - References

In both MA1 & MA?2 test datasets, there are
models that improve the macro-averaged
F1-scores

40



References Models - Mean Scores MA1

Algorithm
LinearSVC_chi2
LinearSVC f
LogisticRegression_chi2
LogisticRegression_f

L
0.22

binary_baseline binary proposed freq_baseline freq_proposed

Mean values of classifiers for MA1 - References




References Models - Mean Scores MA2

Algorithm
LinearSVC_chi2
LinearSVC f
LogisticRegression_chi2
LogisticRegression_f

binary_baseline binary proposed freq_baseline freq_proposed

Mean values of classifiers for MA2 - References




References Models - Best Scores MA1 & MA2

LSVC_chi2_10_binary LR_chi2_10_binary
0.55 0.95

LR_chi2_20_freq LR_f_50_binary LSVC_f_100_freq . LSVC_chi2_50_binary

LSVC._f_20_freq LR_chi2_100_freq
LSVC_chi2_20_freq LSVC_chi2_100_binary

— MAL_refs MA1_basis

— MA2_refs MA2_basis

Best F1-scores for References & baseline methods - MA1 & MA2




Combination Feature Models

-Iﬂ-

Number of models with different F1-score - Combination

In both MA1 & MA?2 test datasets, there are
some models that improve the
macro-averaged F1-scores
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Combination Models - Mean Scores MA1

Algorithm
LinearSVC_chi2
LinearSVC _f
LogisticRegression_chi2
LogisticRegression_f

binary_baseline binary proposed freq_baseline freq_proposed

Mean values of classifiers for MA1 - Combination




Combination Models - Mean Scores MA2

Algorithm
LinearSVC_chi2
LinearSVC f
LogisticRegression_chi2
LogisticRegression _f
RandomForestClassifier_chi2
RandomForestClassifier f

0.76 @

binary_baseline binary_proposed freq_baseline freq_proposed

Mean values of classifiers for MA2 - Combination




Combination Models - Best Scores MA1 & MA2

LSVC_chi2_20_binary
LR_f_10_binary

0.95

LR_chi2_100_freq LSVC_f_20_binary
LSVC_f 50 freq LSVC_chi2_50_binary

LSVC_chi2_50_freq LR_chi2_100_binary

s MAL DOth === MA1 basis RF_chi2_500_freq LSVC_chi2_100_binary

| ——MA2_both —— MA2_basis

Best F1-scores for Combination & baseline methods - MA1 & MA2




Discussion
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General Observations:

> Proportions of new features almost the same in the cases of
citations and references.
o Actual type of modality not affecting the feature selection
process.
o ANOVA-F / binary values lead to the largest number of
new features

> Feature selection methods choose the new features to be
among the top indicating they are considered significant by
statistics as most contributing to the prediction variable

> Significant amount of models performing better within the
proposed method
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Best Scores - Patterns

MA1 MA2
e 5 out of 6 best scores produced e 6 out of 6 best scores produced
by Logistic Regression Classifier by LinearSVC Classifier

5 out of 6 best scores produced
by models that use chi-square
statistic for the feature
selection process.

5 out of 6 best scores produced
by models that use chi-square
statistic for the feature
selection process.
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Best Scores

MA1

MA2

e Combination of features with °
binary values
o LR _chi2_100
macro-F1 = 0.629

e Baseline best: °
o LR _chi2 100
macro-F1 =0.618

Combination of features with
binary values
o LinearSVC_chi2_50
macro-F1 =0.927

Baseline best:
o LinearSVC_chi2_20
macro-F1 =0.916
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Future Work

&
Conclusion
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Future Work

Replicate the results in a larger scale / Apply this method to
other datasets

Concept occurrence info of citations for weak labelling /
Exclude lexical features altogether

Enrichment of the dataset with extra features from all the
citations/references of publications
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Conclusion

> Added semantic features seem to play a role in classifiers’
ability to predict the correct fine-grained labels

Classifiers with specific parameters are found to be more
accurate for balanced and unbalanced test datasets

Promising aspect of fine-grained biomedical semantic indexing
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