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Abstract
Purpose: To address the limitations of traditional domain term recognition
methods based on static domain corpora, this paper proposes a novel method
for automatically identifying domain terms from search engine query logs.

Method: We use a four-partite graph to abstractly represent query logs and
apply a manifold ranking algorithm on it to obtain a ranking of all candidate
terms with respect to domainness, selecting the top-ranked terms as domain
terms.

Results: Experiments on real search engine query logs confirm that the proposed
method achieves better domain term recognition performance, with approxi-
mately 20% improvement over baseline methods on the Precision@n metric.

Limitations: The coverage of identified domain terms partially depends on the
initial query words selected by domain experts, which imposes certain require-
ments on the expertise of domain experts.

Conclusion: This method can construct high-quality domain term collections
without requiring large-scale domain corpora or extensive manual annotation in
advance, demonstrating high practical value.
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Abstract
[Objective] To address the limitations of traditional domain terminology iden-
tification methods based on static domain corpora, this paper proposes a novel
approach for automatically identifying domain terminology from search engine
query logs. [Methods] The method employs a four-partite graph to abstractly
represent query logs and applies a manifold ranking algorithm on this structure
to obtain a domain-relevance ranking of all candidate terms. Terms ranked at
the top are selected as domain terminology. [Results] Experiments on real
search engine query logs demonstrate that the proposed method achieves su-
perior domain terminology identification performance, improving Precision@n
metrics by approximately 20% compared to baseline methods. [Limitations]
The coverage of identified domain terminology partially depends on the initial
query terms selected by domain experts, which imposes certain requirements
on their expertise. [Conclusion] This method can construct high-quality do-
main terminology collections without requiring large-scale domain corpora or
extensive manual annotation beforehand, offering significant practical value.

Keywords: Domain terminology; Search engine; Query logs; Manifold ranking
Classification Number: TP391.1

1. Introduction
Domain terminology refers to phrases that frequently appear in corpora specific
to particular fields, such as “Semanotus bifasciatus”and “leaf spot disease”in
agriculture. Compared to general vocabulary, domain terms encode rich domain
knowledge, making domain dictionaries fundamental resources for various infor-
mation processing and analysis tasks. Existing domain dictionaries are primar-
ily constructed through two approaches: manual compilation (e.g., AGROVOC,
UMLS) and automatic extraction from domain-specific corpora such as news ar-
ticles, scientific literature, Wikipedia, patent documents, and domain websites.
While manual construction achieves high accuracy, it consumes substantial hu-
man resources and proves difficult to maintain when domain knowledge evolves.
Automatic methods, though more efficient, heavily depend on corpus quality.
However, obtaining high-quality domain corpora presents practical challenges:
simultaneously acquiring corpora with broad domain coverage and strong do-
main relevance is difficult, and such corpora are typically static with low up-
date frequency, making them ill-adapted to evolving domain knowledge. Conse-
quently, traditional domain terminology identification methods face significant
limitations in real-world applications.

In contrast to conventional domain corpora, search engine query logs represent
a novel type of linguistic resource automatically collected by search engines.
These logs record complete user-search engine interactions, including submitted
queries, timestamps, search results, and user clicks. Query logs exhibit two
key characteristics: (1) Massiveness: Widespread search engine usage gener-
ates vast query logs with extensive coverage across virtually all domains; (2)
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Timeliness: Query logs are continuously updated in real-time, capturing the
latest information needs across domains. These features make query logs rich
repositories of domain terminology that can serve as important data sources
for terminology identification. Since query logs are automatically collected, no
prior preparation of large-scale domain corpora is required.

2. Methodology
2.1 Four-Partite Graph Representation

We model query logs using a four-partite graph structure. The manifold ranking
algorithm is then applied to this graph to rank candidate terms by their domain
relevance.

2.2 Manifold Ranking Algorithm Application

The manifold ranking algorithm aims to rank nodes in a graph by leveraging
its intrinsic manifold structure. The algorithm constructs a weighted nearest-
neighbor graph from a sample set, where some nodes are manually assigned
initial interest scores. These scores propagate iteratively through the weighted
graph until reaching a stable state, with higher-ranked nodes indicating greater
interest. Extensive experiments demonstrate that manifold ranking converges
well and produces effective interest-based rankings.

For domain query identification, domain experts first specify an initial set of
domain queries. Applying manifold ranking on the four-partite graph yields a
ranking of all queries in the log. Top-ranked queries exhibit strong relevance
to the initial domain queries and can be considered domain queries themselves.
Since the four-partite graph is heterogeneous, we must first convert it to a
homogeneous graph of query nodes. We compute query similarity across user
and URL dimensions based on edge weights in the original graph, designing the
following similarity formula using cosine similarity:

For the user dimension:

𝑠𝑖𝑚𝑈𝑠𝑒𝑟(𝑞𝑖, 𝑞𝑗) =
∑𝑢∈𝑈 𝑤𝑞𝑢(𝑞𝑖, 𝑢) ⋅ 𝑤𝑞𝑢(𝑞𝑗, 𝑢)

√∑𝑢∈𝑈 𝑤2𝑞𝑢(𝑞𝑖, 𝑢) ⋅ √∑𝑢∈𝑈 𝑤2𝑞𝑢(𝑞𝑗, 𝑢)

For the URL dimension:

𝑠𝑖𝑚𝑈𝑅𝐿(𝑞𝑖, 𝑞𝑗) =
∑𝑝∈𝑃 𝑤𝑞𝑝(𝑞𝑖, 𝑝) ⋅ 𝑤𝑞𝑝(𝑞𝑗, 𝑝)

√∑𝑝∈𝑃 𝑤2𝑞𝑝(𝑞𝑖, 𝑝) ⋅ √∑𝑝∈𝑃 𝑤2𝑞𝑝(𝑞𝑗, 𝑝)

We then linearly combine these similarities:

𝑠𝑖𝑚(𝑞𝑖, 𝑞𝑗) = 𝛼 ⋅ 𝑠𝑖𝑚𝑈𝑠𝑒𝑟(𝑞𝑖, 𝑞𝑗) + (1 − 𝛼) ⋅ 𝑠𝑖𝑚𝑈𝑅𝐿(𝑞𝑖, 𝑞𝑗)
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where 𝛼 is a parameter controlling the contribution ratio of user and URL
dimensions. Since webpage topics are typically more focused than user search
interests, the URL dimension usually carries more weight; we set 𝛼 = 0.2 in
experiments.

Using this similarity measure, we construct a query graph where each node
represents a query and edge weights are computed by the formula above. To
prevent self-reinforcement during ranking, we set 𝑠𝑖𝑚(𝑞𝑖, 𝑞𝑖) = 0 for all queries.

Let 𝑊 be the adjacency matrix of the query graph. The manifold ranking
algorithm proceeds as follows:

1. Graph preprocessing: To ensure convergence, we normalize 𝑊 both
row-wise and column-wise to obtain matrix 𝑆 = 𝐷−1/2𝑊𝐷−1/2, where 𝐷
is a diagonal matrix with 𝐷𝑖𝑖 = ∑𝑗 𝑠𝑖𝑚(𝑞𝑖, 𝑞𝑗).

2. Domain score initialization: Experts specify an initial domain query
set, defining vector 𝑦 = (𝑦0, 𝑦1, … , 𝑦|𝑄|) where 𝑦𝑖 = 1 if query 𝑞𝑖 belongs to
the initial set and 𝑦𝑖 = 0 otherwise. This vector represents prior domain
scores.

3. Score propagation: Define vector 𝑓 = (𝑓0, 𝑓1, … , 𝑓|𝑄|) representing pos-
terior domain scores. Iteratively compute until convergence:

𝑓 (𝑡+1) = 𝛼 ⋅ 𝑆 ⋅ 𝑓 (𝑡) + (1 − 𝛼) ⋅ 𝑦

where 𝛼 ∈ [0, 1) is a smoothing parameter controlling the contribution of
prior scores versus neighbor propagation.

4. Domain query output: Specify the number 𝑛 of domain queries to
extract, then select the top 𝑛 queries ranked by their final scores 𝑓𝑖.

2.3 Domain Terminology Identification

Candidate Term Generation: After identifying domain query set 𝑄𝐷, we
consider all URLs clicked through 𝑄𝐷 in the query logs as domain-relevant
webpages:

𝑃𝐷 = {𝑝 ∣ (∀𝑞 ∈ 𝑄𝐷) ∧ (𝑝 ∈ 𝐶𝑙𝑖𝑐𝑘(𝑞))}

We crawl these webpages, filter HTML tags, and obtain a domain-specific web
corpus. All phrases in this corpus become candidate terms. However, many
domain terms cannot be correctly segmented by conventional Chinese word seg-
menters (e.g.,“双条杉天牛”often gets split into individual characters). Therefore,
after segmentation, we merge fragments using sliding windows of lengths 2, 3,
and 4 to generate all possible n-grams as candidate terms.

To measure n-gram cohesion, we use an extended multivariate mutual informa-
tion metric. For n-gram 𝐶 = 𝑐1𝑐2 … 𝑐𝑛, let 𝑝(𝐶) and 𝑝(𝑐𝑖) denote probabilities.
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We design:

𝑒𝑀𝐼(𝐶) =
log 𝑝(𝐶)

∏𝑛
𝑖=1 𝑝(𝑐𝑖)

√|𝐶|𝛾

Compared to traditional metrics, the √|𝐶|𝛾 parameter penalizes low-frequency
n-grams when 𝛾 is large, reducing noise. We set 𝛾 = 2 in experiments.

Since mutual information values are not comparable across different n-gram
lengths (tending to increase with 𝑛), we normalize within each length group:

𝑛𝑒𝑀𝐼(𝐶) = 𝑒𝑀𝐼(𝐶)
1

|𝑆|𝐶|| ∑𝐶′∈𝑆|𝐶|
𝑒𝑀𝐼(𝐶′)

where 𝑆|𝐶| is the set of n-grams with the same length as 𝐶. N-grams exceeding
a threshold are selected as candidate terms.

Edge Weight Calculation: We compute weights for edges between URLs and
candidate terms in the four-partite graph’s subgraph 𝐺𝑃𝑇 . The weight reflects
their association strength, designed similarly to query similarity formulas:

𝑤𝑝𝑡(𝑝, 𝑡) = 𝑐𝑜𝑢𝑛𝑡(𝑝, 𝑡)
𝑙𝑒𝑛(𝑝) ⋅ log |𝑃 |

∑𝑝′∈𝑃 𝐼(𝑝′, 𝑡)

where 𝑐𝑜𝑢𝑛𝑡(𝑝, 𝑡) is the frequency of term 𝑡 in webpage 𝑝, 𝑙𝑒𝑛(𝑝) is the total
number of candidate terms in 𝑝, and 𝐼(𝑝, 𝑡) indicates term presence.

After obtaining edge weights, we convert 𝐺𝑃𝑇 to a homogeneous term graph
and apply manifold ranking to obtain domain-relevance scores for all candidate
terms. The top 𝑚 candidates form the final domain terminology set.

3. Experiments
3.1 Experimental Setup

We used publicly available query logs from a commercial search engine. After
filtering invalid URLs and associated queries, the experimental dataset statistics
are shown in .

We selected“crop pest and disease control”as the target domain. A PhD student
in plant protection from an agricultural university was invited to annotate initial
domain queries and evaluate the correctness of extracted terms.

Since complete domain terminology sets are typically unavailable, we use
precision-based metrics. Given that manifold ranking produces a relevance-
ordered list, we employ Precision@n (P@n) to evaluate ranking accuracy:

𝑃@𝑛 = Number of correct terms in top 𝑛
Total terms in top 𝑛
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We test with 𝑛 = 100, 200, 300, 400, 500.

Few studies use query logs for terminology identification; we compare against
the method in [11], which requires manually annotated domain URLs. For fair
comparison, we replace their required URLs with those obtained from our first-
stage domain queries.

3.2 Experimental Results

Parameter Sensitivity: We analyze the smoothing parameter 𝛼 in [0.5, 1.0]
with step 0.1. Results in [Figure 2: see original paper] show that terminology
identification improves as 𝛼 increases, peaking at 𝛼 = 0.9. This indicates that
while neighbor propagation is important, prior domain scores from manually
specified queries remain essential. When 𝛼 = 1.0 (ignoring prior scores), perfor-
mance drops significantly.

Convergence Analysis: With 𝛼 = 0.9, we analyze convergence using Sum
of Squared Differences (SSD) between consecutive iterations. [Figure 3: see
original paper] shows both stages converge quickly: domain query identification
in ~150 iterations and terminology identification in ~100 iterations.

Comparison: [Figure 4: see original paper] compares our method against the
baseline. Our approach outperforms the baseline across all P@n metrics, with
average precision reaching 74% for top 500 terms—demonstrating substantial
practical value. shows sample extracted terms, where starred entries indicate
errors like“玉米螟的”(possessive form) and“蚜虫蚜虫”(repetition). These errors
occur when high-frequency words co-occur with seed terms, suggesting the need
for more careful seed selection and improved cohesion metrics.

4. Conclusion
Search engine query logs represent a massive, dynamic resource rich in domain
terminology. This paper proposes a method that models query logs as a four-
partite graph and applies manifold ranking to identify domain terms. The
approach automatically extracts domain-specific terminology from non-domain
corpora, avoiding the need for large-scale domain corpora required by tradi-
tional methods. By leveraging the structural characteristics of query logs, it
achieves accurate terminology identification with minimal manual annotation.
Experiments on real query logs demonstrate high convergence speed and accu-
racy. Future work includes incorporating semi-supervised and active learning
to further reduce dependence on initial domain queries.
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