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ABSTRACT
This paper proposes a novel rule-based topic classification tool for
questions on Q&A platforms mediated by the Wikidata ontology
– an open and accessible multilingual ontology curated by a large
community of online users. Q&A platforms are important sources
of information on the Web and often appear as part of Web search
results. By adopting Wikidata taxonomic relations as references,
our tool can categories the Web content from different platforms in
a unified coarse-to-fine mode based on their domain coverage. To
validate and demonstrate the potential applicability of our tool, a set
of use cases and experiments are carried out on two popular Q&A
platforms – Zhihu and Quora, where the impact of topic categories
on question lifecycles is explored. Furthermore, we compare our
results with the output generated by GPT-3 classifier. This tool
sheds light on how structured knowledge bases can enable data
interoperability and serve as a filtering functionality to mitigate
classification bias of OpenAI.
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1 INTRODUCTION
Question and Answering platforms (Q&As) often use a set of crowd-
sourced tags to help organise and describe their questions. Zhihu1
andQuora2 are popular examples of Q&As that rely on folksonomies
1http://www.zhihu.com
2https://www.quora.com
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to classify their questions. Although folksonomies play an impor-
tant role in helping users to browse and find relevant information
on the Web, not all folksonomies are structured, hindering the au-
tomatic classification and identification of topic-related questions.
This paper proposes a rule-based topic classification tool using the
Wikidata ontology as a reference to enable seamless interoperabil-
ity among multiple platforms which can improve user experience
and information searchability.

Wikidata3 is a large multipurpose Knowledge Graph (KG) con-
taining billions of resources and built on the top of a community-
curated ontology composed of items (concrete or abstract entities
and classes of entities) and properties (relationships linking entity
pairs). Items and properties are identified by Uniform Resource
Identifiers (URIs) and represented by alphanumeric codes. Figure 1
depicts part of the Wikidata top-level ontology supported by the
subclass of (P279) relationship where entity Q35120, as the ontology
root, is the superclass of all items in Wikidata. Depending on the
ontological distance [27] to entity Q35120, the top-level items can
be classified as first-layer entities, second-layer entities, third-layer
entities, etc. The Wikidata ontology consists of a number of nodes,
where further the leaf nodes are from the root, the more specific
meaning they represent.

Figure 1: Example of the top-level ontology in Wikidata

Besides items and properties, Wikidata provides external identi-
fiers used in other systems (databases, authority control files, online
encyclopedias, etc.) and displays them as links in Wikidata items
when the formatter URL (P1630) is defined. Therefore, information
from other platforms can be linked to Wikidata entities and cate-
gorised following taxonomic relationships in structured KG using
external identifiers.

The traffic growth of most questions on Q&As follows a two-
stage lifecycle which includes a rapid-growing stage followed by a
saturation phase [1, 2, 31]. This study refers to the intersection of
the two phases as the “knee” point [30]. To demonstrate how the
3https://www.wikidata.org
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proposed tool works, we use Zhihu as a data source to explore the
relationship between question lifecycles and their topics. Zhihu,
the most popular Chinese Q&A platform for users to create, acquire
and share knowledge (similar to Quora), relies on labels attached
to questions to achieve topic classification. As presented in Fig-
ure 2, the Zhihu question “Why Trump became President of the
United States?” with a “Donald J. Trump” label attached can be
grouped by using the label’s identifier (Topic ID: 20023724) gen-
erated from Zhihu, which can be linked to the Wikidata entity
“Donald Trump” (Q22686). Likewise, the posts under the same topic
(Donald Trump) from other platforms (Twitter, Quora, ABC News,
etc.) can be connected through Wikidata ontology, which enables
the automatic interlinkage with existing datasets. In addition to
"Donald J. Trump", "US president", "Presidential Election", "Politics
of US", "White House", and "The United States" are attached to the
same question in Figure 2. The fact that many labels contain distinct
semantic meanings being attached to a single post makes it difficult
to categorise the information from various platforms to the topics
that have similar semantic coverage. Thus, measuring and unifying
the semantic coverage for classification results become pressing.
In our tool, Wikidata which is language-independent and enables
cross-platform entity linking is adopted as a structured database to
achieve data interoperability and hierarchical topic classification
among multiple platforms.

Figure 2: An example of linking questions from Zhihu and
Quora using Wikidata entities

The main contributions in this work are three-fold:
(1) Our proposed tool can assist in optimising the existing KG in

Q&As by improving the structure and automaticity of topic
classification.

(2) The tool enables the creation of a global space with a selected
hierarchy for end users, allowing data compatibility and
interoperability among multiple platforms.

(3) The hierarchical classification results can serve as a filtering
function to optimise the classification results of GPT-3.

2 RESEARCH PROBLEM
Data integration and data interoperability are two major focusing
areas for organisations that tend to implement advancements in
their workflow. Data Inconsistency exists when various and con-
flicting stories of the same data appear in different places, which has
been pointed out as a significant challenge for big data integration
and interoperation [13, 14]. More specifically, the data from het-
erogeneous sources could lead to inconsistent information levels,

therefore requiring additional resources to optimise unstructured
data.

Finding the standard operational methodologies between two
systems for integration and implementing the query operations
and algorithms can help meet the challenges of large data entities.
This research aims to propose a rule-based solution to manage data
inconsistency in cross-platform topic classification by using the
structured database.

3 RELATEDWORK
Several studies on topic classification focus on extracting rele-
vant information by using tags to predict the popularity or in-
formation flow, or to develop clustering methods of online content
[4, 12, 21, 28, 33]. Other research looks at tags themselves, trying
to analyse their dynamics, popularity, semantics and engagement
[5, 15, 17, 32, 37]. However, the tags from many platforms are un-
structured, expressed from a single language and semantically du-
plicated with each other, making the topics on those platforms
confusingly categorised without having a uniform structure. Thus,
bridging the gap between unstructured and structured data is cru-
cial.

Recent approaches that automatically link unstructured data to
structured knowledge bases (e.g., Wikidata) revolve around Entity
linking (EL) [7, 11, 16, 34]. Entity linking has been widely applied
in NLP [10, 18, 25, 26] on domains including news, biographical
text, and movie/show plots. Most of them applied Machine Learn-
ing (ML)-based approaches which appear to be costly and time-
consuming [34, 35, 38]. A few previous studies have applied EL
in the domain of Q&A services focusing on mapping the answers
and evaluating the labelling accuracy [8, 23, 24, 29], however, the
problem with unifying the semantic coverage of classification re-
sults has not been tackled in this field. There are tools proposed
by previous research that adopted structured knowledge graphs
to achieve web content classification [7, 9, 11, 20, 22, 36], however,
they could neither be applied to questions nor took the factor of se-
mantic coverage into account. Without involving a training process,
our proposed tool takes advantage of the built-in external identi-
fiers from Wikidata to achieve hierarchical topic classification and
enable data interoperability.

4 APPROACH
As shown in Figure 3, our approach consists of three components:
A) Top-down entity extraction, B) Bottom-up topic tracing, and
C) Applications. We first extract items that have the external iden-
tifiers of our target platforms (Zhihu and Quora) from Wikidata
and organise them into a hierarchical structure according to their
taxonomic relations. Secondly, a bottom-up topic tracing procedure
is conducted with a target layer 𝑛. After the rule-based mapping,
the topics from different platforms are uniformly classified into
categories with similar semantic coverage to assist with data inter-
operability and model fine-tuning.

We use Quora and Zhihu questions as data sources and Wikidata
as the reference ontology to demonstrate our approach. The reasons
for choosing these two platforms to demonstrate our approach are:
1) they have large user bases, 2) the content features on them are
retrievable, 3) the identifiers of their labels exist in Wikidata, and
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Figure 3: An overview of the data-processing pipeline

4) the current topic structure on Zhihu and Quora can be enhanced
by utilising a structured database.

4.1 Data Collection
All the entities fromWikidata that have Zhihu label identifiers were
extracted using the Wikidata Query Service (WQS)4. Properties
P3553 and P3417 were applied respectively for entities have Zhihu
or Quora identifiers. In total, we extract 14, 837 Wikidata entities
that contain Zhihu topic identifiers and 190, 857 Wikidata entities
that contain Quora topic identifiers. Using the Zhihu API and the
Python zhihu-oauth5, 1575 labels (˜5% of the existing Zhihu labels)
were randomly collected from Zhihu in April 2022.

Besides theWikidata entities and Zhihu labels, we also collect the
time-series data of questions under the extracted labels to support
the use case demonstration in Section 4.2. Zhihu questions were
retrieved using their IDs (QIDs) which are always eight to nine digits
long and monotonically increase over time. Hence, we can capture
newly posted questions and record their traffic (view numbers) by
selecting QIDs. The question traffic data were traced 1560 times for
one week period, which will be plotted as question lifecycles for us
to demonstrate with different topic categories. In order to compare
whether the classification tool works for different platforms, 90,940
questions under 101 featured topics are collected from Quora.

4.2 Running Example
The purpose of this running example is to link topics from Q&A
platforms toWikidata entities from a selected layer as an application
of our proposed tool. Specifically, the proposed rule-based topic
classification approach can be split into two steps: top-down entity
extraction and bottom-up topic tracing (shown in Figure 4).

4.2.1 Top-down entity extraction. As introduced in Figure 1, fol-
lowing the subclass of property, the tool will traverse from the
“root” entity (Q35120) to locate the "leaf" entities at different layers
to build a hierarchical entity structure. For example, in Figure 4,
entity being is placed at the first layer, life is at the second, human
life and wild life are located at the third layer.

In order to provide a unified view of data, entities from one spe-
cific layer need to serve as the ideal categories for the topic classifi-
cation task. The layer selection is set as a parameter in the proposed

4https://query.wikidata.org
5https://pypi.org/project/zhihu-oauth/

Figure 4: Zhihu labels & Wikidata entities mapping process

tool that can be adjusted. The entities beyond the third layer are too
numerous and specific (e.g., Starbucks, Donald J. Trump), by using
which users might end up with too many categories thus losing
the point of classifying them. The first and second layers of labels
are again too abstract (e.g., being, object, structure), which makes it
difficult for users to have a clear understanding of their semantic
meanings. In view of the above considerations, third-layer entities
are set as our classification entries in this running example to show
the audience how to classify questions into categories which cover
a similar range of meanings.

4.2.2 Bottom-up topic tracing. A bottom-up approach is applied
to map Zhihu topic labels to the third layer Wikidata entities by
using taxonomic properties forwardly. After data collection proce-
dures, a set of tuples containing the Zhihu topic identifier and its
corresponding Wikidata URI are generated using WQS.

By running the URI in SPARQL query under the subclass of and
instance of relations, the classification tool can track the entity’s
‘parents’, ‘grandparents’, and so on until it reaches the entity at
previously selected layer. The mapping steps are listed in Algo-
rithm 1. The inputs are the graph from Wikidata with subclass of
(P279) and instance of (P31) properties specified; dataset 𝑍 that
contains Zhihu topic IDs that we crawled randomly; dataset𝑊 that
has all Zhihu identifiers and their corresponding entity URIs from
Wikidata; 𝐿1, 𝐿2, 𝐿3 that contain the 1st, 2nd and 3rd layer entities.
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Figure 4 depicts several special occasions that were managed
by our algorithm individually. Zhihu labels that do not have Wiki-
data identifiers are assigned with an empty value for their output
tuple. Some labels (e.g., Human life) can be directly mapped to Wiki-
data third-layer entities. Some of the labels (e.g., Amazon) might
have multiple ‘parents’, the one fall under the third layer Wikidata
entities is selected as the final category. If none of them belongs
to the third layer entities, the tool then continues to track their
’grandparents’ until one of them does. For the bottom entities that
do not have an upper class in Wikidata (e.g., Patek Philippe &Co.),
P31 property is applied to find their instance and then traverse the
instance’s upper class to continue the mapping. Finally, the output
for this algorithm is a set of tuples where each tuple includes the
Zhihu Topic ID and the successfully mapped third layer Wikidata
entity.

5 APPLICATIONS
This section presents how to use the proposed tool to classify ques-
tions into topic categories that have consistent semantic coverage
and visualise the lifecycle patterns of their traffic growth. We also
compare our results with GPT-3, a popular language model devel-
oped by OpenAI, and demonstrate how to use the classification
result to improve the performance of GPT-3.

5.1 Cross-platform Topic Classification Results
Previous research has tried to analyse the time-sensitivity of Zhihu
topics by clustering them according to the recurring frequencies
of those topic labels [31]. Without a standard topic classification
scheme, it is difficult to relate the recurring features of topics to
their semantic meanings. Our proposed tool provides a way to
classify labels with an inconsistent range of meanings to categories
that have the same semantic coverage.

After completing the mapping procedures, 581 Zhihu labels and
98 Quora labels are successfully classified as Wikidata third-layer
entities. Table 1 shows some samples from our classified data. Not
limited to the third layer entities, our proposed method enables
users to choose needed topic classification depths by adjusting the
parameters from the running example. The Chinese labels from
Zhihu are automatically translated into English in the topic tracing
process.

5.2 A structural way to explore question
lifecycles

The proposed classification tool can be also used to investigate
the characteristics of topics at different semantic levels as well
as the relationship between topic meanings and the lifecycle of
corresponding questions. In Figure 5, we plot the classified 3rd
layer topics into a coordinate system consisting of their popularity
and the median knee points (median time taken for their traffic to
reach saturation) of their related questions. The statistical result
shows no significant relationship between the popularity of the
questions and the time it takes for the two-stage questions to reach
the saturation point. The time to reach the second lifecycle stage
varies greatly between topics with different levels of popularity.
Besides, we can observe the questions’ lifecycle under the categories
with similar semantic coverage. Figure 6 and 7 give examples of the

Table 1: Part of the topic classification results on Zhihu and
Quora

Figure 5: Knee point and popularity relationships for topics
mapped to Wikidata 3rd layer entities

lifecycle of questions under city (Q515) and occurrence (Q1190554)
categories. The normalised median knee point of the city questions
is 0.4437, which is above the median knee (0.3231) of occurrence
questions. The saturation point arrival time is relatively late for
questions with substantial 2-stage lifecycles. For example, the life
pattern of the Shanghai City topic reached a plateau roughly 100
hours after it was posted. On the other hand, the occurrence topic
is relatively more time-sensitive, as the majority of the questions
in our sample group reached their knee points within 40 hours of
being posted.

Figure 6: Lifecycle examples of the questions under city
(Q515) category
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Figure 7: Lifecycle examples of the questions under occur-
rence (Q1190554) category

5.3 Compare with and fine-tune GPT-3
The Generative Pre-trained Transformer 3 (GPT-3) is an autoregres-
sive language model that has shown powerful in-context few-shot
learning abilities [3]. Developed by OpenAI, GPT-3 can also clas-
sify words and phrases accurately into pre-determined categories
[6]. Following the classification example provided by OpenAI, we
adopt a base engine (text-davinci-002) using the endpoint API to
conduct unsupervised classification for the labels of Quora and
Zhihu. “Temperature” is set to 0 and “Top p” is set to 1. Our purpose
for involving this component is to investigate how the proposed
tool performs differently from GPT-3 and how we can contribute to
existing models to achieve more sophisticated classification (refer
to Figure 3-C.Applications).

We pick out a small portion of the final classification results
shown in Figure 8 to empirically illustrate some issues with GPT-3
classifier. Firstly, although the base model can correctly classify
labels from different platforms into the relevant categories before
being fine-tuned, it lacks consistency in the semantic coverage
for the final categories (e.g., same-level cities and universities are
classified into different categories). GPT-3 classifier does not cope
with a hierarchical structure as it is built based on relatedness rather
than semantic subordination and affiliation. This flat and discrete
categorization structure lacks the strengths of generalization, which
causes difficulty in bringing the data to the same level to analyze.
GPT-3 classifier does not cope with a hierarchical structure as it is
built based on relatedness rather than semantic subordination and
affiliation. In order to inform the model how specific (or general)
we want the final categories to be, we use 20% of our previously
classified data as the guidance (prompt input) to fine-tune the base
model to generate the results with our desired semantic coverage.
After fine-tuning, the consistency of classification results has been
improved for items 1 to 5, and the final categories appear to be
broader (item 6 and 7) following the few-shots guidance.

Compared to our results, the other issue that appears in the
classification results from GPT-3 is representation bias. For in-
stance, “Same-sex marriage” is classified as a “social issue”, and
“confession” is classified as a “religious term”. Similar issues for
text generation have been pointed out by previous research on
GPT-3 [19]. Because of the sample bias in the database used to train
the language model, it can parrot or even amplify social biases.
Item 8 shows that adding a few prompt inputs does not seem to
help GPT-3 avoid this issue. Besides, “Project 985” and “Project
211” as well-known Chinese projects for higher education, failed
to be recognized by GPT-3. However, a similar label, “Ivy League”,
can be classified usefully. One possible reason could be that the
corpus of different languages and cultures used to train the model

is unbalanced, which leads to models’ limited understanding and
perspectives for certain concepts.

Figure 8: Part of the comparison of results with GPT-3 (before
and after the fine-tuning)

6 CONCLUSION
This research proposed a novel rule-based approach to classify un-
structured topics from Q&As into Wikidata entities with a selected
level of domain coverage 6. Our method builds a bridge between
unstructured information and structured data by demonstrating
how Wikidata can help to optimise the topic structure from other
platforms. By addressing the semantic inconsistency problem ex-
isting in question labels, this study can assist in classifying and
analysing Web content with different languages and formats under
a unified scheme. Relying on the external identifiers fromWikidata,
our proposed tool could be easily applied to other social media,
News platforms, or KGs to create a global space for information
retrieval. Furthermore, our approach can serve as a benchmark to
evaluate the performance of similar hierarchical classification tasks
and provide filtering functionality to fine-tune existing classifiers
based on the customized semantic depth. Future work involves
enhancing this work by adopting LDA-driven tools with Wikifier to
allow direct correspondence from text to Wikidata entities. Interest-
ingly, we point out some issues in the model of OpenAI according
to the comparison of the classification results. It is worthwhile to
explore further how to re-balance the training data to reduce the
bias of the language models in future studies.
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