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Abstract
This study examines publicly available standard contract documents
for service procurement used by Japanese national universities and
identifies both shared standard provisions and university-specific
variations through clause-level comparison. We collected docu-
ments from 41 national universities, segmented them into 1,432
clauses, aligned comparable clauses using 55 manually assigned and
adjudicated label types, and computed inter-clause similarity using
character 3-grams and BM25. We further analyzed both verbatim
reuse andminor wording adjustments by constructing label-specific
clause-similarity networks and an aggregate inter-university simi-
larity measure. The results show that the documents do not con-
verge on a single template; rather, they share a common structural
core overlaid with university-specific wording adjustments. Ver-
batim reuse was observed across clauses in multiple categories,
whereas termination clauses shared similar expressions while di-
verging into several wording clusters. A supplementary geographic
analysis found a significant negative association between textual
similarity and geographic distance among universities, suggesting
that these contract documents are shaped not only by nationwide
institutional commonalities but also by regionally shared templates
and practical conventions. This study organizes similar contracts
issued by different institutions into comparable clause-level data
and presents a method for capturing standard provisions and local
variations within a unified framework.

CCS Concepts
• Information systems → Similarity measures; • Comput-
ing methodologies → Natural language processing; • Applied
computing→ Law.
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1 Introduction
Public procurement is not merely an auxiliary administrative func-
tion. According to the OECD [17], public procurement expenditure
in OECD countries accounted, on average, for 12.7% of GDP and
29.9% of total government expenditure in 2023, indicating that pub-
lic procurement is a major governmental activity that supports a
wide range of policy objectives. Grandia and Meehan [5] position
public procurement as a policy instrument for achieving socially
desirable outcomes. In contrast, Malacina et al. [12] propose a frame-
work that understands the value of public procurement not merely

in terms of cost reduction but as multidimensional public value
spanning buyers, suppliers, and users. In this sense, public procure-
ment should be understood not simply as a purchasing process but
as a means of creating public value.

This perspective is likely to apply to public procurement by
national universities as well. However, research on public procure-
ment by national universities remains limited compared with the
broader public procurement literature. Quayle and Quayle [18]
investigated strategic procurement in the further and higher edu-
cation sectors in the United Kingdom, and Glock and Broens [4]
empirically examined the organization of purchasing functions in
German universities. Nevertheless, Leal Filho et al. [10] pointed
out the scarcity of research on sustainable procurement in higher
education institutions. Furthermore, the systematic review by Bhan-
dari et al. [2] shows that research on green public procurement in
higher education still rests on a limited body of literature. In other
words, although national universities are important actors in public
procurement, their role has not yet been sufficiently clarified.

Japan is one country in which national universities tend to dis-
close a relatively large number of public procurement-related doc-
uments. Many Japanese national universities publish regulations
governing contract administration and contract terms (keiyaku ki-
jun) as foundational documents for public procurement. In this
paper, “contract terms” is used as the English rendering of keiyaku
kijun and refers to a category of standard-form contractual doc-
uments used for individual procurement agreements rather than
to contract clauses in the generic sense. Many Japanese national
universities publish separate contract terms for different procure-
ment types, such as construction, manufacturing, goods supply,
and services. Among these, service contract terms are designed to
cover a wide variety of procurements. According to our survey, as
of December 31, 2025, 41 of Japan’s 82 national universities had
published service contract terms on their websites. For national
university organizations formed through the integration of multiple
national university corporations, each organization was counted as
one national university.

As noted above, a substantial number of foundational public
procurement documents are publicly available from Japanese na-
tional universities. Although these universities operate under a
common institutional framework, each university independently
develops its own regulations and standards. Comparing these doc-
uments, therefore, makes it possible to capture inter-university
differences in contractual emphasis. Accordingly, analyzing public
procurement-related documents from Japanese national universi-
ties is meaningful both for addressing the shortage of research on
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public procurement in higher education and for revealing institu-
tional characteristics and tendencies across universities.

Against this backdrop, this study focuses on service contract
terms published by Japanese national universities and compares
their contents at the clause level using manually assigned labels
to clarify contractual differences across universities. Specifically,
we construct a dataset based on labels manually assigned to each
clause and measure textual similarity among clauses within each
label. We further examine how inter-university similarity relates to
geographic proximity as a possible factor underlying that similar-
ity. On this basis, we use inter-university similarity measures and
network analysis to extract both standard provisions shared under
Japan’s common institutional framework and tendencies specific
to individual universities.

This paper makes three contributions. First, it constructs a clause-
level, label-adjudicated dataset of publicly available Japanese na-
tional university service contract terms and releases the coded
data and analysis scripts as supplementary materials. Second, it
proposes a label-constrained similarity framework that combines
BM25-based clause matching, university-level aggregation, and
label-specific network analysis. Third, it shows empirically that
these documents exhibit both template-like reuse and clustered
local variation, with an exploratory association between textual
similarity and geographic proximity.

The remainder of this paper is organized as follows. Section 2
reviews related work. Section 3 describes the documents analyzed
in this study. Section 4 presents the proposed method. Section 5
reports the experiments, and Section 6 concludes the paper and
discusses future work.

2 Related Work
Research on the text analysis of public procurement and legal doc-
uments has expanded in recent years. Grandia and Kruyen [6]
analyzed more than 140,000 Belgian public procurement notices
using text mining. Cao et al. [3] quantitatively evaluated the imple-
mentation of sustainable public procurement using a large-scale
corpus of tender documents in China. Furthermore, Cifuentes et
al. [1] coded government procurement laws in 141 countries and
measured the extent of protectionist provisions through compar-
ative analysis of legal texts. With regard to the analysis of legal
documents, Linder et al. [11] presented a framework for capturing
the proximity among bill texts using text similarity and text reuse,
while Nelson et al. [16] showed that combining manual coding with
automated methods is effective for capturing complex concepts.

In legal NLP for contracts, English-language corpora such as
LEDGAR [21], CUAD [7], and ContractNLI [9] have been devel-
oped. However, these resources are primarily intended for tasks
such as automatic classification and contract review support, and
thus differ from research that compares standard contract docu-
ments for public procurement in order to extract differences across
organizations. This study aims to bridge the gap between research
on university procurement and text analysis in the legal domain.

In information retrieval for legal documents, sparse representa-
tions based on lexical matching remain highly effective. In particu-
lar, BM25 [20] has been reported to serve as a strong baseline for
both case law retrieval and statutory retrieval [14]. In the retrieval

of provisions from the Japanese Civil Code, BM25-based methods
were also reported to achieve top-level performance in the Compe-
tition on Legal Information Extraction and Entailment (COLIEE)
2021 [8, 19]. Therefore, the use of sparse representations such as
BM25 is also a reasonable approach in this study.

3 Dataset
The documents analyzed in this study are Japanese-language ser-
vice contract terms that were publicly available from 41 Japanese
national universities as of December 31, 2025. These documents
serve as standard-form contracts used by each national university
for public procurement of services. The subject matter covered
by service contracts is broad and may include, depending on the
characteristics of the work, information systems, research support,
facility management, and other services. Accordingly, the presence
or absence of particular clauses and the degree of detail in service
contract terms are likely to differ across national universities, mak-
ing these documents especially likely to reflect inter-university
differences in characteristics and tendencies.

In this paper, to simplify the notation used in figures and tables,
we assign an institution ID to each institution under analysis, as
shown in Table 1. Even when the entity publishing the contract
terms is a university system, such as the Hokkaido National Higher
Education and Research System (A1) or the Tokai National Higher
Education and Research System (A2), it is treated as a single insti-
tution for the purposes of analysis and is referred to collectively as
a “university” below for convenience. To construct the dataset, we
collected from the official websites of each university or university
system documents explicitly identified as service contract terms or
as standard contract documents with equivalent functions. When
multiple versions were available, we adopted the latest version
accessible as of December 31, 2025.

In this study, we constructed a dataset by segmenting these doc-
uments into clauses and assigning one or more legal-functional
labels to each clause. The labels were developed as a codebook
rather than generated automatically: the authors first read the col-
lected service contract terms, grouped clauses by their legal and
procurement function, and then refined the groups so that clauses
serving the same role could be compared across universities. Multi-
ple labels were allowed because one article sometimes combines
several functions, such as a general-provisions clause that also
contains a confidentiality obligation.

Two annotators, each with more than five years of experience in
public procurement or legal affairs, independently assigned labels
to 1,353 annotation cases. They agreed in 1,041 cases, corresponding
to a raw agreement rate of 76.9%; the remaining 312 cases were
resolved through discussion, with the discussion focused primarily
on the points of disagreement. As a result, a total of 1,966 final label
assignments were made for 1,432 clauses. The average number
of labels per clause was 1.37, while the number of clauses per
university ranged from 20 to 43 and the number of distinct labels
used ranged from 26 to 46.
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Table 1: List of institution IDs

ID Institution ID Institution

01 Hokkaido University 52 Toyohashi University of Technology
02 Hokkaido University of Education 53 Mie University
03 Muroran Institute of Technology 55 Shiga University of Medical Science
04 Otaru University of Commerce 56 Kyoto University
06 Asahikawa Medical University 61 Osaka Kyoiku University
12 Akita University 63 Kobe University
13 Yamagata University 71 Okayama University
15 Ibaraki University 73 Yamaguchi University
17 University of Tsukuba 75 Naruto University of Education
19 Gunma University 81 University of Teacher Education Fukuoka
20 Saitama University 82 Kyushu University
21 Chiba University 84 Kyushu Institute of Technology
22 The University of Tokyo 85 Saga University
23 Institute of Science Tokyo 87 Nagasaki University
34 Yokohama National University 88 Kumamoto University
35 Niigata University 89 Oita University
36 Nagaoka University of Technology 91 University of Miyazaki
45 Shinshu University 96 Japan Advanced Institute of Science and Technology
47 Shizuoka University A1 Hokkaido National Higher Education and Research System
48 Hamamatsu University School of Medicine A2 Tokai National Higher Education and Research System
51 Nagoya Institute of Technology

The final label set comprises 55 label types organized into the
seven category groups shown in Table 2. The most frequent la-
bels were Recovery of Liquidated Damages and Damages (130 as-
signments), Purchaser’s Right of Termination (General) (111 as-
signments), Management of Supplied Materials and Loaned Items
(80 assignments), Contractor’s Right of Termination (General) (66
assignments), and Delay Damages and Interest (66 assignments).
These counts show that the dataset contains both widely recurring
core provisions and more specialized provisions that appear only
in a small number of universities.

Although all seven category groups are observed in the service
contract terms of all national universities, substantial differences
can be seen in the scope of adoption and the frequency of individual
labels.We also confirmed cases inwhich exactly identical clause text
was reused across multiple universities. Accordingly, this dataset is
well suited to comparing, under a common institutional framework,
which issues each university makes explicit, to what extent, and in
what formulations.

The annotated dataset and the Python scripts used to generate
the reported tables and figures are included in the supplementary
materials.

4 Proposed Methods
In this study, we use the dataset to quantify similarities between
clauses and between universities in the service contract terms of
national universities. Because each clause is assigned one or more
legal-functional labels, comparisons are first conducted within each
label and then aggregated at the university level. The labels are used
as an alignment layer: comparing all clauses in one undifferentiated
pool would allow general legal phrases and boilerplate expressions
to dominate the matching, whereas label-constrained comparison

asks whether universities formulate the same procurement issue in
similar wording.

Because Japanese text is not segmented by spaces, the design of
preprocessing and tokenization substantially affects performance
in the analysis of Japanese legal texts [15]. In Japanese information
retrieval, character 2-grams and 3-grams are known to yield stable
performance [13]. Accordingly, we concatenate the heading and
body of each clause, apply Unicode normalization, normalize major
full-width and half-width symbols, and removewhitespace.We then
represent the resulting text as character 3-grams and use BM25 to
retrieve similar clauses within the same label. Below, we describe
the method for measuring clause-level similarity, the method for
measuring university-level similarity, and the label-specific network
analysis.

4.1 Similarity between clauses
To measure similarity between clauses, we use label-specific BM25
retrieval scores. Because BM25 is a directional query–document
measure, and the absolute value of the score may vary across
queries, we treat each clause as a query, retrieve clauses from other
universities within the same label, and then symmetrize the di-
rected scores after normalizing them by the maximum value for
each query.

The score for a query clause 𝑞 and a candidate clause 𝑑 belonging
to label 𝑙 is defined as follows.

BM25𝑙 (𝑞, 𝑑) =
∑︁

𝑔∈𝐺3 (𝑞)
tf (𝑔, 𝑞) idf𝑙 (𝑔)

× tf (𝑔,𝑑) (𝑘1 + 1)

tf (𝑔,𝑑) + 𝑘1
(
1 − 𝑏 + 𝑏 |𝑑 |

𝐿𝑙

) (1)
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Table 2: Overview of the label codebook

Category group Label types Label assignments Representative labels

Basic provisions 6 182 Purpose, General Provisions, and General Conditions; Submission Docu-
ments, Cost Breakdowns, and Plans; Supervising and Inspection Officials

Performance management 15 417 Management of Supplied Materials and Loaned Items; Specification
Changes; Inspection and Delivery

Rights and information management 7 209 Confidentiality; Restrictions on Assignment of Rights and Obligations;
Restrictions on Subcontracting

Payment and guarantees 6 162 Request and Payment of Contract Price; Contract Guarantee; Change of
Contract Amount

Liability and damages 7 396 Recovery of Liquidated Damages and Damages; Delay Damages and
Interest; Liability for Contract Non-conformity / Defect Warranty

Termination and misconduct response 11 556 Purchaser’s Right of Termination (General); Contractor’s Right of Termi-
nation (General); Bid-rigging and Misconduct

Supplementary provisions 3 44 Supplementary Provisions and Consultation; Deleted or Missing Articles;
Exclusions

idf𝑙 (𝑔) = log
(
1 + 𝑛𝑙 − df𝑙 (𝑔) + 0.5

df𝑙 (𝑔) + 0.5

)
.

Here,𝐺3 (𝑞) denotes the set of distinct character 3-grams appear-
ing in clause 𝑞, tf (𝑔, 𝑞) and tf (𝑔,𝑑) denote the frequency of 𝑔 in 𝑞
and 𝑑 , respectively, |𝑑 | is the total number of character 3-grams
in candidate clause 𝑑 , 𝐿𝑙 is the average total number of character
3-grams among clauses belonging to label 𝑙 , 𝑛𝑙 is the number of
clauses belonging to label 𝑙 , and df𝑙 (𝑔) is the number of clauses
containing 𝑔 within label 𝑙 .

Next, let 𝑢 (𝑐) denote the university to which clause 𝑐 belongs,
and let N𝐾 (𝑐𝑖 , 𝑙) denote the set of the top 𝐾 clauses with label 𝑙
from universities other than 𝑢 (𝑐𝑖 ) for which BM25𝑙 (𝑐𝑖 , ·) is positive.
Then, the normalized directed score 𝑏𝑙 (𝑐𝑖 , 𝑐 𝑗 ) from query clause 𝑐𝑖
to candidate clause 𝑐 𝑗 is defined as

𝑏𝑙 (𝑐𝑖 , 𝑐 𝑗 ) =


BM25𝑙 (𝑐𝑖 , 𝑐 𝑗 )
max

𝑐∈N𝐾 (𝑐𝑖 ,𝑙 )
BM25𝑙 (𝑐𝑖 , 𝑐)

, 𝑐 𝑗 ∈ N𝐾 (𝑐𝑖 , 𝑙),

0, otherwise,
(2)

where 𝑏𝑙 (𝑐𝑖 , 𝑐 𝑗 ) = 0 when N𝐾 (𝑐𝑖 , 𝑙) = ∅.
Based on the above, the symmetric clause similarity 𝑠𝑙 (𝑐𝑖 , 𝑐 𝑗 ) is

defined as

𝑠𝑙 (𝑐𝑖 , 𝑐 𝑗 ) =
1
2

(
𝑏𝑙 (𝑐𝑖 , 𝑐 𝑗 ) + 𝑏𝑙 (𝑐 𝑗 , 𝑐𝑖 )

)
. (3)

This definition suppresses differences in the score scale across
queries while assigning high similarity to clause pairs that are
strongly matched to each other within the same label. The resulting
matrix is a cross-university similarity matrix rather than a general
identity kernel. Therefore, pairs belonging to the same university,
including the diagonal entries, are set to zero to avoid self-loops
and within-university matches in the network analysis. Identical
clauses appearing in different universities can still receive high
similarity and are separately counted by the exact-match indicator
introduced below.

4.2 Similarity between universities
Similarity between universities is measured from two perspectives:
(i) similarity in the set of issues addressed, represented by the labels
they adopt, and (ii) for labels adopted in common, the extent to

which the wording of the corresponding clauses is similar. In this
subsection, let L𝑢 denote the set of labels adopted by university 𝑢.

First, the label-adoption similarity 𝐴(𝑢, 𝑣) between universities
𝑢 and 𝑣 is defined as the Jaccard similarity of their adopted label
sets:

𝐴(𝑢, 𝑣) = |L𝑢 ∩ L𝑣 |
|L𝑢 ∪ L𝑣 |

. (4)

Next, we define similarity in wording within shared labels. Be-
cause the same issue may, depending on the university, be described
by multiple clauses, comparison within a label is performed be-
tween sets of clauses rather than individual clauses. Let𝐶𝑢,ℓ denote
the set of clauses with label ℓ in university 𝑢, and let 𝑠ℓ (𝑐, 𝑐′) de-
note the clause similarity defined in the previous subsection. Then,
the university-level similarity for label ℓ , 𝑆ℓ (𝑢, 𝑣), is defined as the
bidirectional average in which each clause takes its most similar
counterpart on the other side:

𝑆ℓ (𝑢, 𝑣) =
1
2

(
1

|𝐶𝑢,ℓ |
∑︁
𝑐∈𝐶𝑢,ℓ

max
𝑐′∈𝐶𝑣,ℓ

𝑠ℓ (𝑐, 𝑐′)

+ 1
|𝐶𝑣,ℓ |

∑︁
𝑐′∈𝐶𝑣,ℓ

max
𝑐∈𝐶𝑢,ℓ

𝑠ℓ (𝑐, 𝑐′)
)
.

(5)

Textual similarity between universities, 𝑇 (𝑢, 𝑣), is then defined
by taking a weighted average of 𝑆ℓ (𝑢, 𝑣) over the labels adopted in
common. Let U denote the set of all universities, let the total num-
ber of universities be 𝑁 = |U|, and let the number of universities
adopting label ℓ be

𝑑 𝑓ℓ = |{𝑢 ∈ U | ℓ ∈ L𝑢 }|.
Then, 𝑇 (𝑢, 𝑣) is given by

𝑇 (𝑢, 𝑣) =
∑
ℓ∈L𝑢∩L𝑣 𝑤ℓ𝑆ℓ (𝑢, 𝑣)∑

ℓ∈L𝑢∩L𝑣 𝑤ℓ
, (6)

𝑤ℓ = log
(
𝑁 + 1
𝑑 𝑓ℓ + 1

)
+ 1. (7)

This weighting assigns slightly greater weight to agreement on
labels adopted by fewer universities than to labels adopted uni-
formly by many universities. However, when L𝑢 ∩ L𝑣 = ∅, we set
𝑇 (𝑢, 𝑣) = 0.
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Finally, the overall similarity between universities, 𝑀 (𝑢, 𝑣), is
defined as the convex combination of the label-adoption similarity
𝐴(𝑢, 𝑣) and the textual similarity 𝑇 (𝑢, 𝑣):

𝑀 (𝑢, 𝑣) = 𝛼𝐴(𝑢, 𝑣) + (1 − 𝛼)𝑇 (𝑢, 𝑣). (8)

Here, 𝛼 ∈ [0, 1] is the weight assigned to label-adoption similar-
ity.𝐴(𝑢, 𝑣) represents the extent to which the two universities make
the same issues explicit, whereas 𝑇 (𝑢, 𝑣) represents how similarly
they formulate shared issues. Therefore,𝑀 (𝑢, 𝑣) is an overall mea-
sure of proximity between universities that integrates similarity in
issue coverage and similarity in wording. For self-comparison, we
set 𝐴(𝑢,𝑢) =𝑇 (𝑢,𝑢) =𝑀 (𝑢,𝑢) = 1.

In addition, to capture the overall pattern of inter-university
similarity, we construct a heatmap of similarities. To determine the
display order in the heatmap, we define the distance

𝐷 (𝑢, 𝑣) = 1 −𝑀 (𝑢, 𝑣)
and perform hierarchical clustering using average linkage. The
clustering here is an auxiliary procedure for visualization and is
not used in the computation of the statistics reported later.

4.3 Geographic association with textual
similarity

As a supplementary analysis, we compute the inter-university geo-
graphic distance 𝑔(𝑢, 𝑣) in kilometers from the latitudes and longi-
tudes of representative university locations and examine its rela-
tionship with the inter-university textual similarity𝑇 (𝑢, 𝑣). Because
we focus on textual closeness, we use𝑇 rather than the overall simi-
larity𝑀 . Two analyses are conducted here. First, for each university,
one counterpart university with the highest 𝑇 (𝑢, 𝑣) is selected, and
if the same university pair is selected reciprocally, the pair is merged
into a single point to avoid double-counting in the scatter plot. Sec-
ond, for a given university, a scatter plot is produced against each
of the other 40 universities. Because the distribution of geographic
distance is right-skewed, log10 (1+𝑔(𝑢, 𝑣)) is used on the horizontal
axis. This is a supplementary descriptive analysis of the relationship
between geographic proximity and textual similarity and does not
by itself establish a causal relationship.

4.4 Network analysis by labels
Although the overall similarity between universities is useful for
grasping the closeness of the documents as a whole, it does not
reveal which issues share template-like wording and which issues
exhibit divergence in wording. Therefore, in this study, we construct
a clause-similarity network for each label and analyze its structure
to distinguish standard provision groups from local variations.

Specifically, nodes correspond to clauses with label ℓ , and an
edge is placed between a pair of clauses belonging to different
universities when their similarity 𝑠ℓ (𝑐𝑖 , 𝑐 𝑗 ) is at least the threshold
𝜏ℓ . In this paper,

𝜏ℓ =max{𝑄0.85 (Sℓ ), 0.25}
where Sℓ = {𝑠ℓ (𝑐𝑖 , 𝑐 𝑗 ) | 𝑢 (𝑐𝑖 ) ≠ 𝑢 (𝑐 𝑗 ), 𝑠ℓ (𝑐𝑖 , 𝑐 𝑗 ) > 0} and 𝑄0.85 (Sℓ )
is its 85th percentile. For the thresholded undirected graph, the
statistics in Table 5 and Table 6 are computed over communities
identified by weighted greedy modularity community detection.
By contrast, in Fig. 3, to directly show separated clusters in the

overall network, we use the connected components of the thresh-
olded graph and display the top three components in terms of the
number of nodes. For each community 𝑔, let 𝑈 (𝑔) denote the set
of universities included in 𝑔, and let 𝐸𝑔 denote its set of internal
edges.

Then, coverage Cov(𝑔), average edge weight Coh(𝑔), and exact-
match rate Ex(𝑔) are defined as

Cov(𝑔) = |𝑈 (𝑔) |
𝑁

,

Coh(𝑔) = 1
|𝐸𝑔 |

∑︁
(𝑐𝑖 ,𝑐 𝑗 ) ∈𝐸𝑔

𝑠ℓ (𝑐𝑖 , 𝑐 𝑗 ),

Ex(𝑔) = 1
|𝐸𝑔 |

∑︁
(𝑐𝑖 ,𝑐 𝑗 ) ∈𝐸𝑔

1[𝑧 (𝑐𝑖 ) = 𝑧 (𝑐 𝑗 )]

(9)

where 𝑧 (𝑐) denotes the clause string obtained by concatenating
the heading and body after preprocessing. A community with high
Cov(𝑔) represents a group of clauses shared by many universities,
a community with high Coh(𝑔) represents a group of clauses with
strong textual cohesion, and a community with high Ex(𝑔) repre-
sents a group of clauses with substantial reuse of identical wording.
Accordingly, a community with both high Cov(𝑔) and high Ex(𝑔)
is interpreted as a standard provision group, whereas a community
with high Cov(𝑔) and high Coh(𝑔) but low Ex(𝑔) is interpreted as a
local variation in which each university adjusts the wording under
the same issue.

5 Experiments
This section first describes the experimental setup and then presents
the results and discussion.

5.1 Experimental Setup
In these experiments, we applied the proposed method described
in Section 4 to the dataset constructed in Section 3. For each clause
in the dataset, the heading and body were concatenated and, after
preprocessing, converted into character 3-grams.

The weight for the label-adoption similarity 𝐴 was set to 𝛼 =

0.5. For BM25, we fixed the parameters at 𝑘1 = 1.2 and 𝑏 = 0.75,
following the documented default settings of Elasticsearch1 and
Lucene BM25Similarity2. For each query clause, the top 𝐾 = 10
clauses with the same label from other universities were retrieved
as candidates. This top-𝐾 step is used only to retain plausible cross-
university counterparts and to prevent weak lexical overlaps from
becoming edges in later aggregation.

For the evaluation of university pairs, we used the overall inter-
university similarity 𝑀 and the textual similarity 𝑇 . In the label-
specific network analysis, we used coverage Cov, average edge
weight Coh, and exact-match rate Ex for each community.

5.2 Experimental Results
The mean overall inter-university similarity 𝑀 was 0.491, with
a standard deviation of 0.137. The mean textual similarity 𝑇 was
0.214, with a standard deviation of 0.216. Figure 1 shows a heatmap
of the matrix of overall inter-university similarity 𝑀 . The figure

1Elasticsearch similarity settings, accessed 2026-04-11.
2Lucene BM25Similarity API, accessed 2026-04-11.

https://www.elastic.co/docs/reference/elasticsearch/index-settings/similarity
https://lucene.apache.org/core/9_12_1/core/org/apache/lucene/search/similarities/BM25Similarity.html
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indicates that proximity among universities is not uniform and that
several high-similarity blocks can be observed near the diagonal.
This suggests that similar service contract terms are shared not
only by a few highly similar university pairs but also at the level of
clusters consisting of multiple universities.

Moreover, four of the top five university pairs in terms of overall
inter-university similarity 𝑀 exceeded 0.90, and the fifth-ranked
pair also showed a high value of 0.896. These top pairs were well
above average both in the structure of the issues addressed and
in textual similarity. Four of the top five pairs were either located
within the same prefecture or geographically close to each other.
Table 3 presents a summary of the top five pairs by overall inter-
university similarity.

Figure 2 shows the relationship between geographic distance
and inter-university textual similarity 𝑇 (𝑢, 𝑣). In the scatter plot of
27 university pairs, constructed by selecting, for each university,
the counterpart with the highest textual similarity and removing
duplicate reciprocal selections (Fig. 2(a)), a significant negative
correlation was observed between log10 (1 + distance) and 𝑇 (𝑢, 𝑣)
(𝑟 = −0.4518, 𝑝 = 0.017986, 𝑅2 = 0.2041). In addition, for Kyushu
University (ID: 82), which belongs to one of the university pairs
with the highest overall inter-university similarity𝑀 , a comparison
with the other 40 universities (Fig. 2(b)) also showed a significant
negative correlation (𝑟 = −0.3876, 𝑝 = 0.0134577, 𝑅2 = 0.1503).

Table 4 first gives a direct label-level view of wording differences
before thresholding the networks. The table reports the number
of universities adopting a label, the number of label assignments,
the mean pairwise university-level wording similarity 𝑆ℓ , its in-
terquartile range, and the share of university pairs whose reference-
normalized clauses are exact matches. The contrast between labels
is substantial: for example, Contractor’s Termination after Notice to
Cure has a mean 𝑆ℓ of 0.380 and a wide interquartile range of 0.908,
while Submission Documents, Cost Breakdowns, and Plans has a
mean of only 0.162 and an interquartile range of 0.208. Thus, the
samemethod distinguishes labels with a few highly similar wording
groups from labels whose wording is more diffusely distributed.

Tables 5 and 6 should be read as the thresholded-network coun-
terpart to this direct similarity table. Table 5 summarizes the scale
of the label-wise networks, while Table 6 lists representative labels
and the largest community found for each. An exact-match rate of
1.000 means that every edge inside the relevant community con-
nects clauses with identical preprocessed wording; an exact-match
rate of 0.000 means that none of those edges is verbatim identical,
even though the BM25-based edge weights are high. With this inter-
pretation, the first two rows of Table 6 identify template-like reuse,
whereas the lower rows identify high-cohesion but non-verbatim
variants. In particular, large-scale verbatim reuse was observed
for Notification of Subcontractors and Lower-tier Contractors and
Supplementary Provisions and Consultation. By contrast, Purpose,
General Provisions, and General Conditions, Purchaser’s Right of
Termination (General), Measures upon Termination, Recovery of
Liquidated Damages and Damages, and Management of Supplied
Materials and Loaned Items form large communities with high co-
hesion but no exact matches, indicating that the same issues are
shared while the wording diverges.

At the label level, this tendency reveals two contrasting pat-
terns. First, some labels form communities involving many univer-
sities with an exact-match rate of 1.000; these can be interpreted
as template-like standard clauses. Second, other labels form com-
munities involving many universities with high cohesion but an
exact-match rate of 0.000; these can be regarded as local variations
in which each university adjusted the wording under a common
issue.

Termination clauses are examined in greater detail as a represen-
tative example of wording divergence, because they were adopted
by many universities and clearly exhibited the characteristics of
high cohesion without verbatim agreement. As shown in Fig. 3,
for Purchaser’s Right of Termination (General), the top three con-
nected components by number of nodes all showed high cohesion,
while their exact-match rates were all 0.000. The largest component
included 20 universities, the second included 14 universities, and
the third included 8 universities. This indicates that provisions on
termination rights do not converge to a single verbatim template,
but instead branch into several wording groups sharing similar
expressions.

To confirm this tendency across termination clauses as a whole,
we conducted an additional comparative analysis of termination
clauses. Table 7 shows the comparison of termination clauses. The
mean similarities for Purchaser’s Right of Termination (General)
and Contractor’s Right of Termination (General) were 0.208 and
0.215, respectively, which were close to each other; however, on
the contractor side, eight exact-match communities were identified,
indicating a stronger concentration on specific templates. For ter-
mination after notice to cure, the contractor side showed both a
larger mean similarity and a wider distribution: Contractor’s Ter-
mination after Notice to Cure had a mean of 0.380 and an IQR of
0.908, whereas Purchaser’s Termination after Notice to Cure had
a mean of 0.254 and an IQR of 0.499. For termination without no-
tice to cure, the difference between the two sides was relatively
small, at 0.196 for the purchaser side and 0.185 for the contrac-
tor side. Furthermore, when Purchaser-related Termination Rights
and Contractor-related Termination Rights were viewed as groups,
Contractor-related Termination Rights showed a high proportion
of zero-similarity pairs, at 65.7%; however, when limited to univer-
sity pairs with positive similarity, their mean similarity was 0.607,
exceeding the purchaser-side value of 0.407.

5.3 Discussion
These results indicate that the service contract terms of Japanese
national universities are neither based on a single verbatim template
nor necessarily drafted independently by each university.

The geographic analysis based on Fig. 2 is consistent with the
observation that geographically proximate universities tend to have
more similar wording. One possible explanation is that, when draft-
ing legal documents, the responsible staff at each university may
refer to documents used by geographically nearby universities.
Another possibility is that geographically proximate universities
may deal with businesses sharing similar commercial practices,
and may therefore modify contract content to align with those
practices. However, the coefficients of determination remain only
𝑅2 = 0.2041 in the left panel and 𝑅2 = 0.1503 in the right panel,
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Table 3: Summary of the top five university pairs by overall
inter-university similarity.

University pair 𝑀 𝑇

University of Teacher Education Fukuoka
(Fukuoka) – Kyushu University (Fukuoka)

0.974 0.974

Nagoya Institute of Technology (Aichi) – Tokai
National Higher Education and Research System
(Aichi)

0.969 0.960

Hokkaido University (Hokkaido) – Asahikawa
Medical University (Hokkaido)

0.953 0.906

University of Tsukuba (Ibaraki) – Kyoto Univer-
sity (Kyoto)

0.949 0.898

University of Teacher Education Fukuoka
(Fukuoka) – Saga University (Saga)

0.896 0.843

Note: The prefecture in which each university is located is shown in parentheses.𝑀
means the overall similarity and𝑇 means the textual similarity.
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Figure 1: Heatmap of overall inter-university similarity
𝑀 (𝑢, 𝑣), reordered by average-linkage hierarchical cluster-
ing. White lines indicate the cluster boundaries obtained by
cutting the hierarchy based on the distance 1 −𝑀 (𝑢, 𝑣) at the
silhouette-optimal number of clusters.

meaning that geographic proximity alone cannot explain most of
the textual similarity. Accordingly, while these results suggest the
existence of regional reference relationships or the circulation of
templates, it is reasonable to interpret their influence as coexisting
with institutional arrangements and practical conventions shared
nationwide. The block structure observed in the heatmap can also
be understood as the result of such overlapping factors.

Focusing on the label-specific network analysis, the service con-
tract terms of Japanese national universities exhibit broad proximity
based on a common institutional skeleton, but this sharing is not
necessarily verbatim. The mean cohesion of multi-node communi-
ties was high at 0.982, whereas the number of communities with an

exact-match rate of 1.000 was limited to 65. Looking at individual la-
bels, Notification of Subcontractors and Lower-tier Contractors and
Supplementary Provisions and Consultation showed strong sharing
of verbatim templates, whereas Purchaser’s Right of Termination
(General) and Recovery of Liquidated Damages and Damages sug-
gest that each university adjusted the wording while addressing
the same issue. This suggests that, although common reference
sources or model templates exist for many issues, each university
makes minor revisions or rephrasings when drafting its contract
documents.

With regard to termination clauses, the wording differs between
purchaser-side and contractor-side provisions. Purchaser-side ter-
mination rights maintain relatively broad commonality, whereas
contractor-side termination rights show both clusters concentrated
around specific templates and clauses that are less readily connected
across universities. In particular, the large dispersion observed in
Contractor’s Termination after Notice to Cure suggests that differ-
ences in universities’ views are more likely to be reflected in the
design of contractor-side termination conditions. However, what
this study directly measures is not the substantive strength of ter-
mination rights themselves, but rather which issues are stipulated
and in what wording.

Taken together, these findings suggest that the analytical method
proposed in this study is effective for organizing similar contracts
issued by different entities into comparable clause-level data and for
capturing both standard clauses and local variationswithin a unified
framework. Several limitations should nevertheless be noted. First,
this study intentionally emphasizes lexical similarity because the
research question concerns template reuse and wording variation,
but semantic similarity is also important for detecting clauses that
differ in wording while serving an equivalent legal function. Future
work should therefore compare the present BM25-based approach
with dense embedding methods. Second, the 55-label codebook
requires manual legal-functional annotation. The raw agreement
rate and adjudication procedure reported in Section 3 mitigate this
concern, but future work should examine whether unsupervised
or weakly supervised clustering can recover similar clause groups
and how much the manual labels improve interpretability. Third,
because the analysis is limited to publicly available documents,
it does not directly evaluate the practices of universities whose
documents are not publicly available, nor the gap between published
documents and actual operational practice. This is a limitation
arising from sample selection, and caution is therefore required in
generalizing the results.

6 Conclusion
In this study, focusing on the 41 Japanese national universities for
which service contract terms were confirmed to be publicly avail-
able, we captured within a single framework both shared standard
provisions and university-specific differences through clause-level
comparison. Using 55 manually assigned labels to align comparable
clauses, we computed inter-clause similarity based on character
3-grams and BM25, and aggregated the results into an overall inter-
university similarity measure and label-specific networks.

The results showed that service contract terms do not con-
form to a single template; rather, they exhibit a structure in which
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Figure 2: Relationship between geographic distance and inter-university textual similarity 𝑇 (𝑢, 𝑣). The horizontal axis is
log10 (1 + distance [km]), and the solid line represents the ordinary least squares regression line.

Table 4: Direct label-level wording similarity for representative labels

Label
Adopting
universities

Label
assignments

Mean
𝑆ℓ

IQR of
𝑆ℓ

Exact
reuse

Contractor’s Termination after Notice to Cure 25 25 0.380 0.908 0.167
Notification of Subcontractors and Lower-tier Con-
tractors

30 30 0.321 0.983 0.257

Liability for Contract Non-conformity / Defect War-
ranty

33 58 0.264 0.649 0.001

Purchaser’s Right of Termination (General) 41 111 0.207 0.390 0.002
Supplementary Provisions and Consultation 41 41 0.201 0.251 0.134
Inspection and Delivery 41 41 0.171 0.275 0.001
Submission Documents, Cost Breakdowns, and Plans 40 40 0.162 0.208 0.008

Note: 𝑆ℓ is the university-pair wording similarity for label ℓ defined in Eq. 5. Exact reuse is the mean reference-normalized exact-match rate across adopting university pairs for the
label. Labels shown here were selected to illustrate high, medium, and low similarity patterns among commonly adopted labels.

Table 5: Overall summary of the label-specific networks

Item Value

Number of edges (after thresholding) 2,047
Number of communities 750
Multi-node communities 491
Singleton nodes 259

Mean cohesion of multi-node communities 0.982
Median of multi-node communities 0.993
Interquartile range 0.968–1.000
Number of communities with at least 5 universities 102
Number of communities with at least 9 universities 23
Number of communities with exact-match rate = 1.000 65
Number of communities with exact-match rate ≥ 0.500 79

university-specific wording adjustments are layered onto a com-
mon framework. In particular, strong verbatim reuse was observed
for Notification of Subcontractors and Lower-tier Contractors and

Supplementary Provisions and Consultation, whereas termination
clauses diverged into multiple wording groups under the same issue.
A supplementary geographic analysis also found that geographi-
cally proximate universities tended to have more similar contract
wording, suggesting that the proximity of contract terms across
universities may be shaped not only by nationwide institutional
commonalities but also partly by regional reference relationships.
It should be noted, however, that what this study directly measures
is the closeness of issues and wording across clauses, rather than
the substantive strictness or leniency of the provisions themselves.
Future work will include a more detailed substantive analysis of
termination clauses, comparisonwith semantic embedding and clus-
tering approaches, an examination of the effect of sample selection,
including the presence or absence of publicly available documents,
and an extension of the comparison to other contract types and
university attributes.
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Table 6: Results of network analysis for representative labels

Label

Number of
adopting

universities
Number of
communities

Nodes in the
largest

community

Cohesion of the
largest

community

Exact-match rate of the
largest

community

Notification of Subcontractors and Lower-tier Contractors 30 9 12 1.000 1.000
Supplementary Provisions and Consultation 41 15 11 1.000 1.000

Purpose, General Provisions, and General Conditions 41 14 10 0.964 0.000
Purchaser’s Right of Termination (General) 41 43 14 0.974 0.000
Measures upon Termination 41 16 11 0.943 0.000
Recovery of Liquidated Damages and Damages 41 53 12 0.980 0.000
Management of Supplied Materials and Loaned Items 40 35 11 0.970 0.000
Liability for Contract Non-conformity / Defect Warranty 33 21 9 0.984 0.000
Note: “Number of communities” includes singleton nodes. The rightmost three columns show the values for the community with the largest number of nodes for each label.
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Figure 3: Top three connected components by number of nodes in the thresholded network for the label Purchaser’s Right of
Termination (General).
Note: Each node represents a clause with a university ID, and edge weights represent clause similarity. Clusters 1–3 in the figure are the connected components of the thresholded

graph, displayed in descending order of the number of nodes.

Table 7: Comparison of similarities for termination clauses

Label 𝑛 Mean Standard deviation IQR Exact-match communities

Purchaser’s Right of Termination (General) 820 0.208 0.292 0.388 2
Contractor’s Right of Termination (General) 820 0.215 0.341 0.414 8
Purchaser’s Termination after Notice to Cure 351 0.254 0.324 0.499 0
Contractor’s Termination after Notice to Cure 300 0.380 0.447 0.908 3
Purchaser’s Termination without Notice to Cure 820 0.196 0.323 0.352 0
Contractor’s Termination without Notice to Cure 820 0.185 0.319 0.300 3

Group Mean similarity Proportion of zero-similarity pairs Mean positive similarity

Purchaser-related Termination Rights 0.196 52.0% 0.407
Contractor-related Termination Rights 0.208 65.7% 0.607

Note: “Exact-match communities” denotes the number of multi-node communities within the same label whose exact-match rate is 1.000. In the group rows below, Purchaser-related
Termination Rights = {Purchaser’s Right of Termination (General), Purchaser’s Termination after Notice to Cure, Purchaser’s Termination without Notice to Cure}, and

Contractor-related Termination Rights = {Contractor’s Right of Termination (General), Contractor’s Termination after Notice to Cure, Contractor’s Termination without Notice to
Cure}. For each university pair, similarities were averaged using only the labels adopted by both universities and then aggregated.
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