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Scholarly Communication Over Time

Over 300 years ago

100 years ago
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Information Refrieval

P. BAXENDALE, Editor

A Relational Model of Data for
Large Shared Data Banks

E. F. Cobn
IBM Rescarch Laboratory, San Jose, California

Fotvrs wsers of lorge data bonks must be protected from

in the user's model.

KEY WOMDS AND PHEASES: doto bonk, dota base, dota wrvcwes, date
Marercies of data, natwerks of date, relation, dasivabiny,

redimduncy, comatency, compasion, fon, reevel losgusge, prediete

caiuba, easeiy, dats ite gty

CR CATIGORES. 370, 373, 375, 420, 422, 439

1. Relational Model and Normal Form

L1 Ixmmooucrion

This paper is concemed with the application of ele-
mentary relation theory to systems which provide shared
scooss to large banks of formatted data. Except for & paper
brmlllvﬂ\ﬂwnupd-wiuﬂmdmmwm
systems has boen to deductive question -answering systems.
Levein and Maron [2] provide numerous references to work
in this ares.

 In contrast, the problems treated here are those of data

Volume 13 / Number & / June, 1970

The relational view (o model) of data described in
Seetion 1 appears 1o be superior in several rospeots to the
graph or petwork model [3, 4] presently in vogue for non-
inferential systems. It provides a means of describing data
with its natural structure only—that is, without superim-
posing any

purposes. Accordingly, nw:u—m-mm
mal independence be-

fwnnluwndbuinlwunuu' dmnhh' "I).red\mdw.

2. The network model, on the other band, has spswned
number of confusions, not the least of which is mistaking
the derivation of connections for the derivation of rela-
tions (see remarks in Section 2 on the “eonnection trap”).

n...n, mldnl.mnlv-'p-mmldm-ndmm

the scope and logieal limitations of present
d.u.ynm .nd.\mhml.uv.mu (nm-hnnl

systems to support the relational model are not discussed.
1.2, Data DereNpENCiEs I Presext Srareus
n.wumuaudmmmmmwde-
weloped information systems represents & major ad
mmmpdnrmmwmulsmamm
sentation stored in & data bank. However, the variety of
dmw characteristics which can be changed
withoul logically impairing some application programa is
sill gt e, Further, the model of data with which
users interact is still cluttered with represeatational prop
arthes, particlasly In rogard to tbe repeeseatation of sl
lestions of data. (as opposed to individual items). Three of
the principal kinds of data. dependencies which still need
5 be pioved ae; ordariog daiaencs: indartag dipii

nu,-nd_nmwhd-p-ﬂmulnmwmuu

data bank may be stored in & variety of ways, some involv-
ing o concern for some permitting each element
10 participate in one ordering only, others permitting each
amwmmmmuum Let us consider
those existing systems which either require or permit data
elements o be stored in at least one total ordering which is
closely associated with the bardware-determined
of addresses. For example, the records of a file concerning
parts might be stored in ascending order by part serial
number. Such systems normally permit sppliestion pro-
grams to assume that. the order of presentation of records
from such a file is identical to (or is a subordering of) the
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Textmining

Soren Auer*, Allard Oelen, Muhammad Haris, Markus Stocker, Jennifer D'Souza, Kheir Eddine
Farfar, Lars Vogt, Manuel Prinz, Vitalis Wiens and Mohamad Yaser Jaradeh

Improving Access to Scientific Literature with

Knowledge Graphs
tpe:/dotong /10,1515 blp-2020-2042

Abstract: The transfer of knowledge has not changed fun-

‘many :
ment-based-formerly printed on paper as & classic essay
and nowadays as PDF. With around 25 million new re-
search contributions every year, researchers drown in a
food of pseudo-digitised PDF publications. As a result
research is seriously weakened. In this article, we argue for
representing scholasly contributions in a structured and

Keywords: Subject classification; knowledge graph; se
'mantic web; crowdsourcing; textmining

Wissensgraphen
Zusammenfassung: Der Verbreitung wissenschaftlicher
Erkenninisse hat sich seit vielen hundert Jahren nicht
grundlegend verandert: Ex exfolgt in der Regel dokumen-
tenbasiert - friiher als Klassischer Aufsatz auf Papier ge-
druckt und heute oaline als PDF. Mit rund 25

5 3
Information represented in a knowledge graph is readable
2 ple,

view on the Open Research Knowledge Graph (ORKG), 3
service implementing this. apptoach. For creating the
Imml!.rdr raph representaioa, we rey on & misture of

Forscher in
einer Flut von pseudo-digitalisierten PDF-Publikationen.
Als Folge davon wird die Forschung stark geschwacht. In

rige in strukturierter und semantischer Form als Wissens.
£raph 7u reprasentieren, Der Vortel st, dass die in einem

sourcing) and (sem

IKM\AQ\)G Only with such a combination of human and
e ‘we can achi

of the representation to allow for novel exploration and

Asaa result, a scholarly

filr Maschinen
und Menschen lesbar sind. Als Beispiel geben wir einen
Uberblick Gber den Open Rescarch Knowledge Graph
(ORKG), einen Dienst, der diesen Ansatz umsetzt. Fir die

knowledge graph such as the ORKG can be used to give a
condensed overview on the state-of-the-art addressing a
particular research quest, for example as a tabular com-
parison of contributions according o various characteris-
tics of the approaches. Further possible inultive access
interfaces 1o such scholarly knowledge graphs include

manuellen (crowd/expent sourcing) und (halb Jautomati
sierten Techniken ein. Nur mit einer solchen Kombination
aus. menschlicher und maschineller Intelligenz konnen
wir die erforderliche Qualitit der Darstellung erreichen,

Forscher zu enmbglichen. Im Ergebnis kann ein Wissens

ural language questions.

EprRp——

wrapl

eine bestimmte Forschungsaufgabe 2u geben, 2.B. als ta-
bellarischer Vergleich der Beitrige nach verschiedenen
Merkmalen der Ansiize. Weitere mogliche intuitive Nut

Ko Eddine Fartar, kheic fartas@ b.eu
Lars Vogt, Lars.vogt@tib.eu
Manuel rinz, manelprinz@tib.eu

Vitalls Wiems, vtals wiens@Ub e
Mohamad Yases Jaradeh, yaser. 3(adeh @1 o0

u solchen Wis
sensgraphen sind dominenspezifische Visualisierungen
oder die Beantwortung natdslichsprachlicher Fragen mit-
tels Question Answering.
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Reproducibility Crisis

1. ~ 2.5 million new publications per year
2. Globally ~ $1.7 trillion spent on research
3. Monopolization of commercial actors

4. Deficiency of Peer-Review

5. Predatory Publishing




» TIB e
The Data Swamp Problem -

1. Semantic Description of Research Contributions

DATA LAKE 4

A. Researchers often struggle to clearly and accessibly convey their work.

B. The annotation process is time consuming and cumbersome

2. Information Overload DATA SwAMP

A. The exponential growth of scientific publications has led to information overload

B. Insufficiently automatized and lack user integration
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Knowledge Graphs (KGs)

Knowledge Graphs (KGs): Data structures that represent knowledge in a graph format, where

nodes represent entities (e.g., people, places, things) and edges represent relationships
between these entities.
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Symbolic Representation: KGs use formal knowledge representation languages (such as RDF

and OWL) to encode facts, making the information machine-readable and understandable.



_ R |ntero‘pférabiIit_y’:___Supborts data integration using standardized formats
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KGs: Accuracy & Integrity ‘
1. Accuracy & Reliability
A. Designed to store and retrieve factual information with high accuracy.
2. Structured Data

A. Uses a graph structure for efficient organization and retrieval of interrelated data.

3. Knowledge Graphs have Factual Information
A. Enhanced Search and Querying: Enables more precise searches by understanding relationships.

B. Kngw/led‘ge Discovery: Links related information to uncover new insights.
/,_C.”(jfbfntextua‘LI"\Un-d\(—;_{r\standing: Provides broader context for better comprehension.

D. ‘S,ym'b'\dlic_‘R'epresé\h:tétion: Uses symbols and formal languages to represent structured knowledge
E Human and Machlne Interpretabi_lity: Ensures both humans and machines can process and understand the data.
hiz;z“:;f P
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Open Research Knowledge Graph (ORKG)
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ORKG- Paper View

Integrating analysis of customers' processes into roadmapping: The value-creation perspective

i August 2011 ® 7 citations = Software Engineering & Marko Komssi & Marjo Kauppinen & Harri Tohonen & Laura Lehtola & Alan M. Davis

Published in: 20177 IEEE 19th International Requirements Engineering Conference

Research Practices

Data analysis anal

Add to comparison

= Preferences Provenance

/sis Belongs to observatory

Empirical Software Engineering

. il Leibniz
data collection method case study i ©; Z § Universitat
too 4 || Hannover
workshop
Added on
) 18 Nov 2022

research question How can these problems be solved?

Added by

What kind of problems do software product companies encounter

. Felix Wernlein

Contributors

during_roadmapping?

Felix Wernlein

research paradigm exploratory ' i

empirical research in requirements engineering (4

research problem

research question answer hidden in text

Threat to validity
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Publishing State-of-the-Art comparisons

Acknowledgement
of creators

Citable DOI

Created
visualizations

Interactive comparison
with filtering

Overview of Approaches that Classify User Feedback as Feature Request

C4.5 in combi
request.

i June 2021

o Oliver Karras

DOI: 10.48366/r112387 [4
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3. Problem
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ORKG Helps but Challenges Remain:

1. Extensive Editing Required 2. Property Selection Struggles

3. Semantic Descriptions Hard to Find 4. Time-Consuming Annotation

5. Limited Paper Representation (only text) 6. Lack of Motivation

TIB
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The Rise of Generative Al

1. Transforming Knowledge Processing

A. Al models can automate knowledge extraction

B. Promise of reducing manual effort in annotation
C. Potential for better semantic understanding

BUT.... new challenges emerged!
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Challenges with Neural Models ‘

1. Non-Deterministic Behavior
A. LLMs can generate different outputs for the same input, making consistency a challenge

2. Opaqueness (Lack of Transparency)

A. Users cannot see or understand how decisions are made.

3. Trust and Adoption Issues:

A. Users may hesitate to trust Al systems they don't understand

4. Tendency to Confabulate:

ALLMs can gen‘é‘rate\plausible but incorrect or nonsensical information ("hallucinations").
B. _Eers;i/étéh*tr--e_’r_mrs reduqéﬁf‘ﬁonfidence.
) b ¥ Risk of spread‘_i;rjg‘*félﬁs_,e information.
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4. Goal
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Minimal invasive Interaction ‘ TIB b
1. We can achieve that by:

A. Integrating the annotation process into the
researchers ecosystem

B. Automatically extract Metadata and relevant
information

2. Leverageing the Al Techniques to:

A. Minimize humans efforts

. i ; 2 The incision will be tiny. Just big enough
B. S ave./the\ \U me Thankfully, we can reocmmend a minimally invasive procedure. st S ety Bleatdo

S
~

ol " Soure: Greg Borenstein
3. Seamless Integration-to:

<
~

-~

\““_‘;A‘-:_jﬂ/arness bofh"\h/u\m-é'h intelligence and advanced neural and symbolic Al techniques

./,»" - . o

<
~

~__B. Integrate user contributions in a structured manner é@m

L
~
~
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5. Approach
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Figure Data Extraction Pipeline
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Human-Centric Multi-Modal Al Annotation Pipeline

|
| |
|
| » Figure Countribuation Contributions Aggregation| | v
| 4} 4} | | Paper Generation
|
Data Merging : »  Text Countribuation Metadata Collection | |
________________________ S|
‘Metadata Harvesting.
Research Field Discoveryl«Automated R h Field Identificati gusiac
- utomated Research Field Identification i Metadata
Fetching
Data Type Detection |<tText-Based Data Type Detection Abstract Extraction

> DOI Extraction

Properties Suggestion k Suggest properties— Text Highlight
A
List Triples Auto-detect DOI
VLM Properties Listing [«Properties List

Data modeling .

Data Extraction  fe Figure Selection Start List properties >




5. Evaluation
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User Study and Evaluation ’
1. Participants: 11 professionals (Postdocs, PhDs, Developers)

2. 82% had prior ORKG experience: Provided informed feedback
3. Key Findings:

Figure Triples Extraction 4.27 £ 0.65 (3.83,4.71) Highly efficient
Property Suggestions 3.73+1.14 (2.97, 4.49) Variable performance
Overall Speed 4.82 + 0.39 (4.56, 5.08) Significant gain

d Performance Analysis:

Data Type Detection 4.09 + 0.67 5%: 27.3%, 4%:54.5%, 3%:18.2% (3.64, 4.54)

Research Field Classification  4.00 + 0.74 5%: 27.3%, 4% : 45.5%, 3%:27.3% (3.50, 4.50) i

Metadata Extraction 4.27 + 0.86 5% :54.5%, 4%:18.2%, 3%:27.3% (3.69, 4.85) i é
Association

e
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User Study and Evaluation |
5. User Feedback Highlights

A. 82% reported faster annotation than traditional interfaces

B. 90% effectiveness in figure-based triple extraction

C. 82% trust in Al-generated content, with 73% accuracy perception
D. High satisfaction (Mean: 4.18 £ 0.75)
E. Strong Al-assisted performance: metadata extraction (4.27 = 0.86), data type detection (4.09 = 0.67)

6. Areas for Improvement

A_.,_A1fgéné'r\étec_l_\property suggestions need more contextual awareness

B. Tooltips should hé\?‘e-\b_gtter visibility (larger fonts, noticeable colors)

Leibniz
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by



6. Limitaion
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Limitations ldentified: ‘
1. Performance Measurement Challenges:
A. User-reported speed improvements (4.82 + 0.39), but no absolute baselines due to
1. Annotator expertise and familiarity
2. Paper complexity (length, structure, content)
3 .Number and complexity of figures

2. System Evaluation Challenges:

A. The need for Larger-scale comparison (manual vs. automated annotations)

B.{_/_Coh't/rolléd- environment for quantitative time measurements

o

“~c Standardized tes\fxé‘ets_yvith varying complexity

b BSam ple D iVe“'f;iSiFY 2

A. ‘I‘“E‘Val..u‘atian”"\/\//'ith 11 péfficipants (82% with ORKG experience) é 2 .
_B. Small sample_}_r;sizéu-lximi_ts generalizability, requiring broader validation with diverse expertise levels and Leiboiz é
iy IaTger Samp|eS L l Association



/. Future Work

LEIBNIZ INFORMATION CENTRE
FOR SCIENCE AND TECHNOLOGY
UNIVERSITY LIBRARY

Leibniz
Association



LEIBNIZ INFORMATION CENTRE
FOR SCIENCE AND TECHNOLOGY
UNIVERSITY LIBRARY

Future Directions:

1. Explore advanced techniques in computer vision and NLP (e.g., transformer-based models for figure extraction).
2. Address scalability challenges for large documents and multi-user annotation synchronization.

3. Investigate deployment challenges (browser version consistency, complex figure processing).

4. Expand evaluation scope with larger, diverse research communities to mitigate biases
(academic disciplines, experience levels).

5. Enhance support for complex data types (interactive tables) and diverse use cases.
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8. Demo



Key Takeaways

Human-Al synergy enhances research capabilities:
. Curation workflows with machine assistance (LLM and
VLM) and human-in-the-loop refine knowledge

representations in the ORKG.

linj

- /AN . Clarity and consistency of Knowledge Representation:

-+ Knowledge graph encapsulates factual information in a symbolic

* 2./% form that is accessible to both humans and machines. il
—

Collaborative framework fosters reproducibility:
Transparent and accurate knowledge representation through
crowd work in the KG makes it easier for other researchers to
verify and reproduce study results iteratively.




Questions



