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How Researchers Meet Their Collaborators?

• Basically, based on fate, by chance

• Not convinced it is the best partner – particularly institute.

introduced by

friend, colleague
school, laboratory, …

supervisor

conference

online online
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Identifying Strategic Research Partners

• Topic alignment the degree to which collaborators share interest in the same research topic.

• Among them, find the best one – best competitor or best collaborator 

• Repetitive job

• Build a system!

map of science

10.1371/journal.pone.0004803

institute A

institute B

institute C
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Identifying Strategic Research Partners by Data-Driven Analysis

battery!

battery!

battery!

battery!

Searching 

Keywords

Search 

Query

Literature DB

institute A

institute B

institute C

Step 1. Retrieve papers of a whole sector
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Identifying Strategic Research Partners by Data-Driven Analysis

Step 2. Clustering papers by topics - Actually, a paper is a set of multiple topics with weights.

battery!

topic 0 topic 1

topic 2topic 3topic 4

LDA: Latent Dirichlet Allocation

battery!

battery!

battery!

institute A

institute B

institute C
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LDA Latent Dirichlet Allocation

• A journey to discover hidden topics in documents

A document = Mixture of topics

Technology 70% 

Economics 30%

A topic = Mixture of words

Technology = {AI, semiconductor, data, …}

Economics = {interest rate, market, investment, …}

Step 1

Initialization

Randomly assign each word in every

document to one of the K topics

(here, K=20)

Step 2

Iterative Reassignment

For each word, reassign its topic

based on two criteria, until no longer

changes significantly.

1.document-topic relationship: how

prevalent is this topic in this document?

2.word-topic relationship: how often

is this word associated with this topic?

Step 3

Extract Result

Based on the final stable assignments,

calculate the definite document-topic

and topic-word distributions.

Step 4

Topic Naming

Utilizing LLM with a proper prompt,

name topics with the given words list.
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LDA Latent Dirichlet Allocation

10.1038/s41578-025-00783-5

topic name weighta paper

LDA
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LDA Latent Dirichlet Allocation

• 50 Battery papers 
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Identifying Strategic Research Partners by Data-Driven Analysis

Step 2. Clustering papers by topics. Then, best authors of a topic are elucidated.

topic 0 topic 1

topic 2topic 3topic 4

topic 0 1 2 3 4

count 5 3 3 2 2

LDA: Latent Dirichlet Allocation

institute A

institute B

institute C

topic 0 1 2 3 4

count 4 4 3 1 1

topic 0 1 2 3 4

count 1 3 0 6 1

topic 0 1 2 3 4

count 2 6 1 3 7

Q. Best collaborator for topic 3?

A. Institute B
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Identifying Strategic Research Partners by Data-Driven Analysis

Step 3. Analyze by features and desires ① year, ② nationality, ③ topic hierarchy, ④ co-authorship, …

topic 0 topic 1

topic 2topic 3topic 4

topic 0 1 2 3 4

count 5 3 3 2 2

institute A

institute B

institute C

topic 0 1 2 3 4

count 4 4 3 1 1

topic 0 1 2 3 4

count 1 3 0 6 1

topic 0 1 2 3 4

count 2 6 1 3 7

Q. Best collaborator for topic 3, now?

A. Institute C

2000-2010

2025
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You may claim “We already know all important players!”

• Really? Maybe some persons, but, institutes?

introduced by

friend, colleague
school, laboratory, …

supervisor

conference

online
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“No expert expected the portion of the Chinese & Indian institutes.”
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“No expert expected 77% occupation of top 5% publications by Chinese institutes,

and less than 10% occupation of all publications by United States.”
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topic vs time

• world
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topic vs time
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topic vs time
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topic vs time matrix

heatmapstackplot hierarchical clustering
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topic vs time matrix of institute = fingerprint
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topic vs time matrix of institute → index

𝑍𝑖 =
𝑋𝑖 − 𝜇𝑤
𝜎𝑤

𝑋𝑖 ∈ ℝ25×20 topic data of an institution world based Z-score

IOI institute orientation index

• Cosine similarity to the world matrix
• alignment of the institute’s spatio-temporal pattern with the world

IEI institute energy index

• Frobenius norm of raw data
• total magnitude/activity across years x features

PS projection share

• Fraction of world “energy” that lies along the institution’s direction
• ≈ cos2𝜃

FSI feature salience index

• Log over/under-representation of each feature vs the world share
• > 0 : over-represented

TAF time alignment by feature

• per-feature cosine of institute vs world time series
• timing co-movement (-1..1)

IIF institute interaction fingerprint

• Feature-feature Gram matrix on normalized data
• coupling/co-variation structure

• △IIF : difference from the world’s coupling matrix
stronger/weaker than global

OVL overlap similarity

• Cosine similarity between two institutes’ matrices
• extent of co-activation/overlap

ID institute distinctiveness

• 1-IOI
• how different the country’s pattern is from the world

Rolling variants

• windows versions (IOI/energy/TAF) to track shifts and breakpoints

𝑍𝑖 , 𝑍𝑐
𝑍𝑖 𝐹 𝑍𝑤 𝐹

∈ −1,1

𝑍𝑖 𝐹

𝑍𝑤 , መ𝑍𝑖
2

𝑍𝑤 𝐹
2 = cos2𝜃 ∈ 0,1

𝑠𝑖 𝑓 =෍
𝑡
𝑋𝑖 𝑡, 𝑓 , 𝑝𝑖 𝑓 =

𝑠𝑖(𝑓)

σ𝑓 𝑠𝑖(𝑓)
, FSI𝑖 𝑓 = log

𝑝𝑖(𝑓)

𝑝𝑤(𝑓)

𝐺𝑖 =
1

𝑇
𝑍𝑖
𝑇𝑍𝑖 (FxF Gram)

∆𝐺𝑖= 𝐺𝑖- 𝐺𝑤

𝑍𝑖 , 𝑍𝑗

𝑍𝑖 𝐹 𝑍𝑗 𝐹
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topic vs time matrix of institute → index

• indices of some institutes

IOI institution orientation index

IEI institution energy index

PS projection share

ID institution distinctiveness

FSI feature salience index

• Redox flow battery

TAF time alignment by feature

• Redox flow battery

1.0

0.0

26763.2

1.0

0.0

1.0

world KIER South Korea NREL United States AIST Japan CSIRO Australia IIT India

0.00126

0.99874

37.9

1.59 x 10-6

0.269

0.00154

0.00209

0.99791

84.8

4.37 x 10-6

0.211

0.00256

0.00163

0.99837

89.5

2.65 x 10-6

0.469

0.00339

0.00099

0.99901

36.6

9.83 x 10-7

0.163

0.00126

0.01860

0.98140

499.8

3.46 x 10-4

0.106

0.02380
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topic vs time matrix of institute → index → best colleague

• Best colleague for Redox flow battery R&D?

• Opposite tendency for other features – expecting another collaboration

world KIER South Korea NREL United States AIST Japan CSIRO Australia IIT India

score 𝑥 =෍

𝑖

𝑤𝑖𝐴𝑖

UCSB United States UCSB United States UCSB United States CAS China UCSB United StatesBest Colleague

UCSB 0.709 UCSB 0.710 UCSB 0.711 CAS 0.712 UCSB 0.711

CAS 0.706 CAS 0.709 CAS 0.689 UCSB 0.709 U Kentucky 0.690

U Kentucky 0.633 U Kentucky 0.634 U Kentucky 0.636 U Kentucky 0.633 Harvard U 0.666

Harvard U 0.610 Harvard U 0.611 Harvard U 0.612 Harvard U 0.610 Lomonosov Moscov 0.658

Lomonosov Moscow 0.603 Lomonosov Moscow 0.604 Lomonosov Moscow 0.604 Lomonosov Moscow 0.603 EU Synchrotoron Rad Fasc. 0.626
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Conclusion

• Data-driven method can reach unknown unknowns

• Data pipeline with preprocessing is essential

• Status of research of institutes can be quantified as a form of index

• Collabortor searching was supported by numerical methods
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