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Introduction

* An explosion in scientific publication rates
« as exemplified by the COVID-19 infodemic

* large amounts of scientific documents freely
accessible online

 Contributing factors:
« Open science, open-access initiatives
 preprint servers, generative Al

 Problems:

* ‘burden of knowledge’: rate of scientific research
progress not keeping up with publication rates

« ‘fake science’: rise in prevalence of misinformation

CORONAVIRUS CASCADE

tmt sugges tth t mo th 200,000
coro related jou ltl and preprints had
been pbl hdby lyDec mber.
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mates differ depending on search terms, database coverage, and definitions of
s as a scientific article; some preprints were posted on multiple sites online.

Else, H., 2020. How a Torrent of COVID Science changed
Research Publishing—in seven charts. Nature, V588 (553).

Need more machine-driven, human-interpretable approaches to scientific knowledge discovery




The rise of Al-assisted Science
* Open datasets, e.g., CORD-19 (articles on COVID-19)

* Led to tools for search, Q&A, recommendation, summarization,
and claim verification over scientific documents.

* Foundation models, e.g., GPT-n, Galactica

 Led to tools for literature review, explaining scientific concepts,
scientific code generation, intelligent reading interfaces.

 Allen Al's Semantic Reader product aims to integrate tools to
augment the scientific reading & discovery experience.

N’

COVID-19 Open Research Dataset

CORD-19

Elicit $ scispace

S scisummary
& AIrXiv

* From scientific discovery to scientific understanding

* Early works show potential emergent autonomous @ e
scientific research capabilities of LLMs (Boiko et al. 2023) s OB~

Planner

« PYTHON ~| Code execution

Most research to process, analyze, explore scientific documents focuses only on text content.

Significant information also present within structured artifacts, e.g., tables, charts.



https://allenai.org/data/cord-19
https://www.semanticscholar.org/product/semantic-reader
https://arxiv.org/abs/2304.05332

Our research Focus: (Scientific) Tables @ ®

* Information in tables is critical to emerging
knowledge-driven applications:

* e.g., intelligence analysis and production,
genomic surveillance

« technical experts (scientists, analysts) look to
discover vital knowledge nuggets not only from
text but also from tables

» Automated mechanisms to infer the
semantic meaning of scientific tables
* relevance to a knowledge discovery scenario

« generate tabular responses on-the-fly by
possibly fusing information from multiple tables

Understanding information contained in tables from
scientific & technical documents within specialized
domains (e.g., biomedical)

Header Annotation Header Annotation
wikidata:Q35657
(US state)

Header Annotation
wikidata:Q104450895 wikidata:Q719602 (prevalence)
(SARS-CoV-2 variants) wikidata:P1193 (prevalence)

I State Lineage Prevalence
B.1.1.7 30%
Alabama

B.1.617.2 20%

33%
B.1.p17.2 23%

South Carolina

A\ 4

\ 4
Cell Annotation

wikidata:Q1456
(South Carolina)

Cell Annotation
wikidata:Q104376647
(SARS-CoV-2 Alpha variant)

dbpedia:South_Carolina

“Treatment efficacies against the top prevalent
COVID-19 variants in each US state”

Scientific documents = Collection of content-rich tables + descriptive context

Apply semantic technologies to model information in scientific tables to enable discovery




Tables have been extensively studied

«/ Searching for: acceptance rates of ISWC ESWC SEMANTICS 2021

/ Generating answers for you...

| found some information about the most recent acceptance rates of the top 3 semantic web
conferences (ISWC, ESWC and SEMANTICS) in 2021. Here is a table that summarizes the information |

found:
Conference Year Acceptance Rate
ISWC 2021 33.6% (research track)
ESWC 2021 25%
SEMANTICS 2021 N/A

Note: | could not find the acceptance rate for SEMANTICS 2021, so | marked it as N/A (not available).

Learn more: 1.2021.eswc-conferences.org 2.dl.acm.org 3. openresearch.org 50f20 @

Most recent acceptance rates of the top 3 semantic web conferences as a table

D e

Extraction & interpretation of web tables

for search, retrieval, Q&A

Some capability already integrated into

~

modern-day search engines

J

covid-19 vaccination rate

A Muctus

Advanced Search: [ Any Date v

[Dataset retrieval over Open data with
view discovery, augmentation

Dataset search engines help prepare
datasets for data science applications

\_

<

COVID-19 Outcomes by Vaccination Status
29.3 kb)

7dataAC|tyofchxcago.org
Weekly rates of COVID-19 cases, hospitalizations,
and deaths among people living in Chicago by va...

A< Outcome =) Week End s Age Group

# Unvaccinated Rate 4 Vaccinated Rate

[ =Categorical | 4#Numerical | S5Temporal

& Download ‘ @ View Details || Q Search Related |

® Augment Options

@ Any Location v

-

(® Related File v

COVID-19 Outcomes by Vaccination Status

Augmentation (JOIN)

Joinon:
Age group and

Available columns:

Select which columns should be added to the final merged dataset.

Asc Qutcome ] Week End

# Crude Vaccinated Ratio

#: Age-Adjusted Vaccinated Rate

# Age-Adjusted Boosted Ratio

# Outcome Unvaccinated

Abc Age Group

T DataType v

8 Source v

# Unvaccinated Rate # Vaccinated Rat|

# Crude Boosted Ratio # Age-Adjusted Un|
# Age-Adjusted Boosted Rate # Agd
# Population Unvaccinated # Popula|

# Outcome Vaccinated # Outcome Boosts



https://arxiv.org/abs/2002.00207
https://arxiv.org/abs/1901.00735

Tables have been extensively studied

« Significant advances in pre-trained / table representation learning
models for well-structured tabular data and a variety of

downstream tasks.

D ®

« Some specifically address tables in scientific/technical documents:

Dataset

Downstream task

PubTables-1M

Table detection, Table structure recognition

ChemTables

Table classification

ArxivPapers

Table extraction

SciGen

Reasoning-aware Table-to-text generation

TAT-QA

Question-answering over Tables and text

S2abEL

Entity Linking for scientific Tables

Scientific tables bring additional challenges and opportunities



https://www.eurecom.fr/en/publication/6721
https://arxiv.org/abs/2110.00061v3
https://jcheminf.biomedcentral.com/articles/10.1186/s13321-021-00568-2
https://github.com/paperswithcode/axcell
https://cogcomp.seas.upenn.edu/page/publication_view/962
https://aclanthology.org/2021.acl-long.254/
https://arxiv.org/abs/2305.00366

Tables in Scientific Documents ol

» Optimized for human visual consumption

Test and result | COVID-19 NAAT test Sensitivity  Specificity PPV (%) NPV (%)

* minimize information overload = @ R B
« various information compaction practices to ensure fit

(n=40) (n=161) 1/5/10%) 1/5/10%)
SARS-CoV-2

u n d e r S p a Ce CO n Stra i n tS Positive 37 2b 92.5 98.8 42.9/79.7/89.2 99.9/99.6/99.2

(€1:79.6- | (CL:95.6-
98.4) 99.9)

Negative 3 159

« Machine-driven understanding and discovery e

251/521gG

of scientific tables is challenging e e o

(Cl:732-  (CI: 93.8-
95.8) 99.3)

Negative 5 157

Less text, more numbers ... sub-columns ... merged cells

Structural Heterogeneity shares some similarities
with web tables Table 2

Developed serology tests for SARS-CoV-2 detection by different companies and researchers.

Dense, often implicit,

Developer Platform | Target Target Other features References
semantics e
Abbott CMIA Nucleocapsid | IgG Return 100-200 test Abbott

Laboratories results in 1 h, specificity Laboratories
99.6%, and sensitivity of (2020b)
Diffuse context h imilarities with
S areS Slml arl Ies WI DiaSorin CMIA Spike IgG Fully automated, DiaSorin (2020)

Open dataset Search quantitative, 97.4%

_______________________________________________________________________________________________ sensitivity, 98.5 specificity
Pharmact AG Lateral - IgG and POC, results in 20 min,can  Pharmact (2020)
flow assay IgM determine the phase of the
- L) L - L

disease, 99.8% agreement
Domain-specific entities |
with PCR for non-affected

not adequately

H Hangzhou Biotes§ Lateral Spike IgG and 100% specificity for IgM (Hangzhou
n n agm addressed by elther Biotech flow assa [gM and IgG, 100% sensitivity Biotest Biotech
Q u eStI ona b I ere I | b | I Ity Similar to web tables ... with domain-specific entities




Approach and Contributions**

D ©

* Collect tables from scientific articles

» Represent scientific tables as
semantically-annotated linked data
through a two-stage methodology:

« Automated rule-based structural
characterization; syntactic parsing through
“specialists”

« Semantic table interpretation with joint inference

« Enable discovery of tabular
information from knowledge graph

« Search queries under rich contextual constraints
(including information reliability)

» On-the-fly table generation by fusing information
from compatible tables

2. Scientific table discovery system

Dataset Collection Pipeline

» harvest tables and provenance metadata
from PubMed Central open-access subset

Preliminary Prototype Systems

1. Automated pipeline to construct a
knowledge graph of scientific tables
» Ontology to model tabular data and context
» Core entity linker for scientific tables
 Joint inference based on KG embeddings

» Ul to specify table-based semantic search
requests and explore responses

» Discovery engine to produce ranked lists of
matching tables (including on-the-fly tables)
with explainability

** hitps://github.com/ge-knowledge-discovery (currently in process of being open-sourced)

Looking for collaborations to build on/extend our work, co-develop new datasets & applications



https://www.ncbi.nlm.nih.gov/pmc/tools/openftlist/
https://github.com/ge-knowledge-discovery

Dataset Collection Pipeline De

[ 4
dh
"COVID™ OR "CQV")' PMC Open Access Commercial Use Collection
19" OR "Coronavirus”
OR "Corona virus"
OR "2019-nCoV"

T

PMC5500358

PMC Search PMC3230403 Verify Access Unpack

Extract Tables

AP PMC1665467 & Filter Download Archive

CC BY, CCO

200K+ IDs

(as of 06/26/2021)

S25E 62,746 XMLs
articles

271K+ 120,417
images HTML Tables

(irg, png, tif)

Code available under: https://github.com/ge-knowledge-discovery/procure-corpus-builder

PMC - PubMed Central



https://github.com/ge-knowledge-discovery/procure-corpus-builder

Knowledge Graph Construction from
Scientific Tables

Table
Characterization

<HTML> PMC
Table

Table Flattening

"« infer structural characteristics at the

cell, column, row and table levels

» basic data types (number, string) and
high-level types (e.g., DNA sequence)

* separate core cell content from its
contextual metadata (e.g., units)

« convert complex structures into simple
relational tables

D e

WIKIDATA

Core Entity Linker Joint Inference Triple Generation

Semantic Interpretation

o o
link header cells to concepts and data ¢ o
cehlls to entltllbels in Vl\lllklgat? | Knowledge Graph
where possible, collectively assign of Scientific Tables

concepts and entities to header and cells i

« represent inferred structural, syntactic
and semantic knowledge as RDF triples
.+ triples for document metadata + context
.+ populate into a knowledge graph




Taxonomy to Characterize Tables ®

A

A

el elollz: ] Relational ]
|
] ] I
_ Ay Al [ I I |
A A A A
Relational Layout
u Concise Nested Multivalued Splitted
| I | | |
) () A Al [ I |
| A
Horizontal Vertical Matrix Formatting Navigation
b § Simple Composed

Lautert, L. R., Scheidt, M. M., & Dorneles, C. F. (2013). Web table taxonomy and formalization. ACM SIGMOD Record, 42(3), 28-33.

We leverage and extend multiple existing taxonomies and classification techniques in order to

adequately characterize scientific tables




Table Characterization at different granularities ©

H eade r ROW Viremia category
PSV LLVI LLVv-II HLV
n=716 n=46 n=352 n=201 P
(70.5%) (4.5%) (5.1%) (20%) value
Haplotype Marker Speciez Cender [n (4] o —
PR T vi6 Xid - Male 468 (65° 39(85%)  36(6%° 148 (74% From: Employment® Sickleave  Vocationsl ~ Medical Time limited Disability Emigrated Dead (8) Alive and
X_ﬂ) Xidj g £ X e o S & rehabilitation rehabilitation  disability  pension atrisk?
Hl -943 718 797 176 961 T 30. 30.30° \C Female 248 (35%) 7(15%) 16 (31%) 53 (23%) pension
J v / v - - - '- l-‘ - - - e = 57 895 5865 )7 373 A 2842 72
2 : wrartu (30, 30.30%) Age at inclusion [median years (IQR)] 39(3346) 43(35-50) 39(3449) 39(334T) 028 Bl oleTEs o wses w6 3B W3 L0s0 sl
- 37 1% 05y } N N Sicklewe(2) 1595592 133909 53398 45325 559 3309 454 M6 105714
Ia g dum (37, 38.93%) Ethnicity [ (%)] 0.002 Vosational rehabilitat 101605 983 2009 562 3816 9351 173 8 288
T. gestivum (117, 54 .42%) T 307(43%)  25(54%)  29(56%) 96 (48%) Medical rehabilitation (4) 82070 130 0 14381 1320 5164 03 s 10566
. I o  an ) Time limited disability benefits (5) 1153 68 148 84 0 7930 7 b 191
H2 594 808 797 176 961 T warru(2,2.02%) Afica 12Q4%) 1206%) 12@3%)  68(34%) Disability bensits (6) 7729 307 7s 2% 37 0 1404 819 45265
’ Azian 81(11%) 2(43%) 3(3.8%) 9 (4.5%) Emigrated (7) 26487 317 32 51 0 46 53 13 5
H3 394 633 797 176 961 T wrartu (l, 1.0 19-'3) Otherfanknown 156 (22%) 7(15%) 3(15%) 28 (14%) Total 1814636 1793609 101527 112436 9468 46114 30607 12607 891920

Horizontal Table Header Column Vertical Table Matrix Table
(Main Classification)

Developer Platform Target Target Other features References 1Qest tahen NoIQ est taken Combined score
antigen antibody Stanine N Percent Score N Percent Score N Percent . ]

Characterize tables with 18
1 15709 1,9% C (assumed below 3769 145% Assumed below 57092 6,6% i e re n a e S a ce row

- - — diff t labels at cell

S I m p I e H ea d e r 2 37614 4.5% B (assumed averaze) 20318 80,6% Assumed a".'engeb 691580 80,1% ? ’
3 75441 90% Alwsumedsbove 1124 43% Asumedabove 114697 133% COI umn ; an d ta b I e Ieve I S
averags) average®

== Splitted (Header) (full list in the paper)

775 Xid3 Xig6 Xadéd Xig7

g > Sample Method No. of No. of positive Positivity No. of positive Poszitivity
v type (n) positive sample by any rate® [%6(95% patients by any raleb [% B . t : t -
Concise Header sample method cn) methods in any (95% CT)] IGDSO-SF (=) asic type: string
sample types
2:8) ;g; . 12 u so..ooz:;?s- s6° :134(;3.0- Basic type: number
1&° 3 4 5 6 7 9 Missine S e e Basic type: number with tolerance
Variables n n n n n n n N RT-RAA 20 s.z.;:f;.s. 13492 BaSiC type: number Wlth range

Multilevel Header Concise Body



Rule-based approac

Selection Comparison
References Representativeness Sample Non- Ascertainment Comparable Asseg
(Max:*) size  respondents of the outcome of oul
(Max:+x) (Max:x) exposure groups/Controlled (Ma]
Mlay-++) far canfanndine

rowspan=

colspan= rowspan=

Compariso

valign=
Outcome

olspan=\ rowspan= valign=
Referencef

colspan= rowspan= valign=
Representptiveness (Max:\u22c6)

colspan= rowspan= valign=
Sample siffe (Max:\u22c6)

colspan= z valign=
Non-respofdents (Max;:\u

colspan= rowspan= valign=
ent of the exposure (Max:\u22c6\u22c6)

colspan= rowspan= vali

thin solid #000000;\
thin solid #000000;\

thin solid #000000;\

Concise Header
(colspan/rowspan > 1)

Multi-level Header
(multiple <tr> in <thead>)

b outcome groups/Controlled for confounding factors (Max:\u22c6\u22c6)

colspan= rowspan= valign=
of outcome (Max:\u22c6\u22c6)

colspan= rowspan= valign=
Statisticpl test (Max:\u22c6)

h for Table Characterization @ ®

"BOLD": true,
CELLS DATATYPE": "string",

"NUM 11

)l

{
"CELLS DATATYPE": "number”,
"NUM_CE 11

)l

COLUMN": true,
true,
LLS": true,

_ [
{
"string”,
true,
PAN": true,
Yo
"CELLS_DATATYPE": "string",
true,
3
}
" ": true,
" ILEVEL": true,

TICON": "horizontal”,
s 11,

"NUM EBO
"NUM C



Table Characterization — lllustrative Example ©

Table 1

Main TiO) nanoparticles (NP) physicochemical properties, as described in Joint Research Centre
(JRC) Report [42].

Crystalline Primary Particle Size Primary Density Specific Surface Area
Sample 5
Phase (nm) (g/cm3) (m*~/g)
NM- -
Anatase 100.0 =50.0 384 923
100
NM- a -
Anatase 65=15 384 316.07
101
. p Further
Characterize Characterize Characterize =
- - - characterize
rows table columns
table
"NUM_BODY ROWS": 2,
“31:221‘;'_2:1:21?2::33“ : false,
n B : Y ; S n [
“IZAZT_T_.iI_ZI.'Z‘.I'.Z‘.I":’PZ“ : "string”,

"nunber with tolerance”,

CELLS » DATATYPE": "numbexr",

"MATN CLASSIFICATICN": "horizontal”,



Table Characterization Stats and Results ®©

Characterization System Count # of Tables Precision  Recall
manually labelled PMC8185411
Tables with Header Rows 113,582 110 1.00 0.94 ,:.m”dx.\.,,,. =
Tables with Header Columns 48,733 103 1.00 0.55 i?:‘i“’;;miw
Tables with Concise Header Rows 36,182 34 0.84 0.94 ‘;.“_m i
Tables with Multi-level Header Rows 32,169 33 1.00 0.97 et A
Tables with ONLY Numeric Data Cells 12,969 29 1.00 0.83

"BODY_CONCISE": true,

Tables with Concise Body 40,158 39 0.97 0.67 "CELLS_DATATYPE": "number”,

"HAS_HEADER_COLUMN™: true,
"HAS_HEADER_ROW": true,

Horizontal Tables 21,863 38 095 050 ) "MAIN_CLASSIFICATION": "horizontal"

Vertical Tables 7205 16 0.91 0.62 Manual User Annotations

Manually annotated tables from randomly selected articles. Computed Precision & Recall at the label level
(Precision: # of correct predictions / total predictions; Recall: # of correct predictions / expected predictions)

Precision is generally high. Recall is low in some cases.

Rule coverage not exhaustive enough. Additional supervised algorithms may help.




Specialists to Detect Commonly Occurring Data ¢ ®

Scientific table cells encode commonly Semantic Type REFERENCE Semantic Type DNA/RNA SEQUENCE
occurring data — e.g., references, DNA/ = T
RNA sequences, clinical trial IDs, etc. L o o il ol ] K
. . HTML <xréf§ tag cor;t;Jini;g attribute ref-type="bibr" SRS Bmiss
Spec,a[lsts assess common |y encoded Regex based: 3+ characters from the set {G, A, T, C, U}
data types to avoid linking such cells
T Basic Type QUANTITY
- overall bgtter table characterization Semantic Type CLINICAL TRIAL ID — .
and semantics e
z::Z:EOZ Znie: z:a:es i zzz: iz’:’:’:ii’j’f IL-6 (normal range 0.0-15.5 pg/ml)" [65 pg/mlTpg/ml

S peCiaI iStS may be reg e)dpatte rn— SARS-CoV U.nited 'States I 2011 w Egjhr:;;r (normal range 0.20-0.28 2.1 ug/ml || 4.7 ug/ml
based y d iCtionary-based y Or M L-based MERS German y I 2018 @ Ferritin (normal range 20- 446 ng/ml|| 1822 ng/ml
d d . th e d ata t e Subset of PM(C7239068 Table 1 450 ng/ml)

epen Ing on yp Regex based: NCT followed by 8 digits CRP (normal range 0.0-9.0 mg/1) 90mg/l | 132.9 mg/l

subset of PMC7493720Table 1

Each appl |cabI§ specialist assesses dentified using Pint python package
the cell values independently https://pint.readthedocs.io/

Large amount of literals in scientific tables.

Important to detect and learn to not link literals.


https://pint.readthedocs.io/

Complex tables

Flatten by importing to Pandas dataframe

< /> HTML table

Characterization

to

SIN

SARS-CoV-2 region

Spike protein; S1 domain

Spike protein; S2 domain

Nucleocapsid phosphoprotein

ORF3 protein

ORFS8 protein

ORF1ab polyprotein; nsp2

ORF1ab polyprotein; nsp5
ORF1ab polyprotein; nsp6
ORF1ab polyprotein; RdRp

Detect Table, Header,
and Body types
Mutation observed Occurrence
L1SF 2
AV 4 [
D614G 808 B
E780Q 2 é
P13L 2 3
R203K 602 4
G204R 602 Z
Qs7H 60 7
G251V 4 2
L84S 16
T2651 26
D448del? 6
1730V 3
P7655 3
G3278S 73
L3606F 45
A4480V 3
PA715L 898

Table

WONOUV A WNRE S

Spike
Spike
Spike
Spike

ORF1lab
ORF1ab
ORF1ab
ORF1ab
ORF1ab
ORF1ab
ORF1lab
ORF1lab

Import into
Pandas DF

Pandas “Flatten”

SARS-CoV-2 region Mutation observed

protein; S1 domain
protein; S1 domain
protein; S1 domain
protein; S2 domain
Nucleocapsid phosphoprotein
Nucleocapsid phosphoprotein
Nucleocapsid phosphoprotein
ORF3 protein
ORF3 protein

ORF8 protein

polyprotein;
polyprotein;
polyprotein;
polyprotein;
polyprotein;
polyprotein;
polyprotein;
polyprotein;

nsp2
nsp2
nsp2
nsp2
nspS
nsp6
RdRp
RdRp

L18F
A222V
D614G
E7806Q

P13L
R2063K
G204R

QS57H
G251V

L84S
T2651

D448dela
1739V
P765S

(CEPA
L3606F
A4489V
P4715L

Re-export Table
as HTML

Occurrence

o
(e}

After flattening, this complex table is now
correctly classified as a horizontal table

oOwWwuw www

D

< /> HTML table



Semantic Table Interpretation

WIKI DATA

Core Entity Linker Joint Inference

* Infer table semantics by mapping to concepts &
entities in some reference knowledge base

(Wikidata, DBpedia)
. SemTab challenge @ ISWC

CTA: Assign a KG class to a column
« CEA: Match a cell string to a Wikidata entity

« CPA: Assign a property to relationship between two
columns

* Recently included BioTables, BiodivTab datasets



Core Entity Linker

* We developed a practical, scalable
entity linker to keep up with rate of

publication of scientific tables

» Given a cell string, we retrieve top k
matching Wikidata items, performing
type analysis and filtering to return

top-ranked candidate.

» Currently focused on CTA, CEA only
» Adapted to scientific tables in the

biomedical domain

D e

Wikidata Iltems
in Elasticsearch

-
Mention Candidate
String Search

Wikidata Types in
Redis store

Filter and

Rerank

Ranked
Candidates

Mulwad, V., Finin, T., Kumar, V. S., Williams, J. W., Dixit, S., Joshi, A.
A Practical Entity Linking System for Tables in Scientific Literature.
In 3rd Workshop on Scientific Document Understanding at AAAI-2023.



Embeddings-based Joint Inference D°®

overview

Wikidata Embeddings

(via Wembedder API) Embeddings-based

Agreement Function

Country NG @ ° S

USA | :
India
Italy Candidate Candidate | Find Update 5 Wikidata
Brazil Generation Embeddings & Agreement Assignments [ Entities
UK Core entity linker i E
Joint Assignment i

\ """""""""""""""""""""""""

Agreement between entities
assigned to data cells in a column

Inferring table semantics is improved via joint inference using embeddings of Wikidata items

(i.e., embeddings-driven agreement function to compute compatibility between entities)




Embeddings-based Agreement

a clustering approach

Candidate
Embeddings

_____________________________________________

Clustering

Determine
Mode Cluster

Embeddings-based
Agreement Function

Update
Assignments

K-Means Clustering

Separates samples into N clusters,
minimizing the within-cluster sum-of-squares
(minimize sum of distances between each point

and its cluster centroid)

k-Means Clusters

LT
1
Og
- + -
. 2 * -
" #,7 + o
v s o _* O_.I
" " + . Ca 0
" e+ - -M"Y' O
" x oy & ~ @0 >4 5 ®q O
" xX 0% o Bras PR
e » . ".-’ ,U'—%’o¢’ ( O )
" » x :" 0 6 -CO -
x A O®
x o = & -
O -$° o
- a3, o x |Q " O
- 4 * o© Cluster 14
“ x
" o Cluster 2X
- Cluster 30

Bl Y

https://en.wikipedia.org/wiki/K-means_clustering

Required Input: NUM_CLUSTERS
(target number of clusters)

B®



Embeddings-based Joint Inference

perform clustering on embedding vectors; example

(using base entity linker)

(via Wembedder API)

1. Q114147 (city in Japan) [vector] cluster 0
2. Q8175 (river in Russia) (no vector) (no cluster)
/ 3. Q30 (United States) [vector] cluster 2
USA — 4. ..
ltaly —_
. 1. Q38 (ltaly) [vector] cluster 2
Brazil 2. Q977238 (town in Texas) (no vector) (no cluster)
3. Q172579 (historical kingdom) [vector] cluster 2
4.
1. Q155 (Brazil) [vector] cluster 2
2. Q1998364 (town in Indiana) [vector] cluster O
3. Q682944 (microregion) [vector] cluster O
4.
Ranked List of Embedding Cluster IDs
Candidate Entities vectors (K-Means)

B°®

N
I USA Q30
0 ltaly Q38
9 Brazil Q155
()]
=
O
o)
go)
o)
-
“Mode” Candidate
Cluster ID Selected

(most frequently  (highest-ranked entity
occurring as first-  with mode cluster id)

ranked vector)



Annotations for Evaluating Table Semanticsg

 Manually annotated 47 tables drawn from
randomly selected 45 PMC articles

« Each table cell was mapped to: Annotation Type | [Count

. Wikidata ltem "‘_’ikidf‘ta 2128
« Literal (string/numeric data not representing an entity) Ir:;/:era 1?8
« Reference (header cells for cols. with references) — .

. : , . , Clinical Trial ID |4
* Clinical Trial IDs (header cells for cols. with clinical trial

IDs ) Reference 14
L : Index 6
* Index (header cells representing index cols. in a table)
* NA (entity, but doesn’t exist in reference KG) Distribution of manual
+ 3600 table cells were annotated annotations amongst
different types

Almost 70% of cells across manually annotated tables are literals



Semantic Annotation: Overall Evaluation ©®

Anno. Type #of cells Pr. Re.

Rule-based methods

i (basic types + specialists)
Literal 2548 0.98 | 0.81 0.89 lead to high precision for
Wikidata 910 033] 050 | 0.40 Literals, CT IDs, and Ret.

As expected, also can
NA 118 ) ) ) lead to low recall (e.g.,

CT ID) when rules don't
Reference 14 0.91] 0.71 0.80 orovide coverage
Index 6 ) ) ) Lower scores for
Clinical Trial ID |4 1.00| 050 | 0.67 predicting Wikidata links

Computed Precision & Recall at the label level
Precision: # of correct predictions / total predictions
Recall: # of correct predictions / expected predictions
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Wikidata Annotation — Analysis

Does the expected annotation appear in the top
25 candidates for table cells where expected

annotation is a Wikidata item? Core linker is not able to
retrieve candidates for a
fairly large fraction of
possible idiomatic strings

Expected Annotation in ~60% (554/910)
Candidate Set

Expected Annotation ~40% (356/910)
Missing in Candidate Set

Did the system confuse literals and entities?

Expected Wikidata Annotation 910 Non-entity strings -
mapped/predicted as Wikidata
System Predicted Wikidata Annotation 1373 annotations makes a

Literal/Ref./CT ID Cells misclassified as Wikidata Links | 488 SUISEINIE] NEBEINE (TZEe! el
performance




Knowledge Graph population 8

Table : | - : : :
D me Tlable Flattening gg Core Entity Linker g Joint Inference Triple Generation
Characterization i |
<HTML> PMC | |

Table

Knowledge Graph
of Scientific Tables



Ontology and Triple Generation

pmcid thor Author

license givenNames
publicationDate

fundingSource affiliation

We developed an ontology to represent article
{ngicadata, data and inferréd semantics of scientific
ables

« Builds on W3C standards, including PROV

We auto-generate RDF triples at document-level,
followed by table-level, and finally at cell-level

LEL
identifier
caption

Roughly 1000 triples per PMC document (but PR Tsbie
varies widely based on table count and contents) numColumns

mainClassification

Knowledge graph persisted in triple store to support
table discovery

« Open-source: Apache Jena/TDB2/Fuseki, RDFlib, s
pyfusekl, - columnindex

CellValue




Discovery of Scientific Tables

overview

« Search and retrieval of tabular
information from our knowledge graph

 Emulate database-style discovery
operations against semantically
annotated scientific tables

» Leverage semantic technologies for
search:

« Header-cell semantics - search/filter matching
tables, and on-the-fly fusion of contextually-
compatible tables

« Header-cell & data-cell semantics (incl. units) 2>
disambiguate contents of on-the-fly fused tables

* Reliability scores -2 filter out unreliable tables
from the search, ranking and fusion processes

Treatment

“Effective treatments
for COVID-19"?

D e

Data

&l Discovery

Engine

Data
Discovery API
services

Query Model
Generation

Data Discovery Engine

Effectiveness

L»> Q12136 L »Q179661 | L Q7907952

COVID-19
— (084263196

min_coverageyqoger = 2

ranking = default

Search Results

Candidate tables in Knowledge Graph

X
| e

o I




Discovery of Scientific Tables

prototype search application and user interface

G ProCure Data Discovery

Enter list of search terms / Upload file

@
I

Ik
IHIE:

coronavirus

Mapped to Q57751738: Coronavirus

country

Q6256: country

vaccine

Mapped to Q87719492: COVID-19 vaccine

ProCure Search | Advanced Search | I'm Feeling Lucky

Searching for tabular objects of the form:

R

Retrieved 3 original results (0.31 seconds)
Retrieved 1 fused results (1.76 seconds)
TIME OF
e PUBLICATION
FUSED_Table 9757773 SO
B O
PMC7350246_Table_5 SRR
B & o
PMC7426550_Table_1 Sosier
) o

RELIABILITY
HEADERS

SCORE

Type
Vaccine Target Vector/Adjuvant of Stage Participants Country References Institution
Study
4
.“) % Vaccine Target Vector/Adjuvant Type of Study Stage Participants Country References
&% Disease Virus Main Manifestation(s) Hospitalization Antiviral Therapy Vaccine Case Fatality (%)

M

Q57751738 Q6256 Q87719492

¥ Result Constraints:

1. @ Table must have caption?

4. Coverage constraints

5. Reliability constraints

¥ Result Ranking Preferences:

# of matching header cells in
table

2. Return All types of tables v 3T
Constrain the type of returned tables
1 v 5 .

Min.# of matching header cells Min.# rows in|

0.25 <= Rel_PROV <=

above below

Highest-first v first v

Sort by Preference order

list of query terms, semantic resolution of query terms (map to
items in knowledge base), ‘sketch’ desired resultant table

a 1. Interface for table-based semantic search queries

2. Advanced search features
multiple contextual constraints and ranking preferences

1 3. Sample response to search query

ranked list of original and on-the-fly fused tables

explore content and provenance of individual result tables
highlighted header cells depict semantic match

reliability score provides guardrails for safe search
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table discovery engine: system-centric view

Table-basedg‘i Query Parser Query Plan SPARQL SPARQL SPARQL
Request Y X Formulator Query Executor
. TableFusion SPARGE Result
Strategy esu Tables

Processor

Data Discovery Engine

Any search request gets transformed into a query plan composed of one or more of ‘primitive’
operators. Each operator is then translated into an ad hoc query clause as part of incremental
SPARQL query formulation.

Select Filter Fuse Rank



Conclusions and Future Work

 Tables in scientific documents contain important information
* Knowledge discovery from scientific tables is as vital as from text

* We implemented preliminary prototype systems for constructing and
searching over a knowledge graph of scientific tables.

* Novel aspects: Two-stage table interpretation, table-based semantic
search, on-the-fly table generation

Table Characterization | High precision. Future: Improve recall for certain labels by including
(over 120K tables) additional rules or exploring development of supervised algorithms.

Semantic Interpretation | Performs well when our system discovers appropriate entity in its
ranked candidate set but fails otherwise. Future: Further adapt
candidate search to idiomatic strings; Techniques to distinguish
between literals and entity strings.

Tabular Data Discovery | Low mean average precision, but high recall. Future: Enhanced
(only strict header match) | semantic matching and information fusion across tables.
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