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ABSTRACT
The growing global interest in Geographic Information System/Science (GIS) programs has led to an increased demand for 
higher education in this field. However, students often struggle to identify suitable programs and faculty due to the overwhelm-
ing options and the lack of personalized guidance. This paper presents GISphere-KG, an AI-powered platform based on the 
GISphere project. It combines knowledge graph (KG) and large language models (LLMs) to enhance the search and recommen-
dation of GIS-related graduate programs. GISphere-KG offers four key features: (1) interactive conversation that provides natural 
language responses to applicants' inquiries; (2) efficient information retrieval through semantic relationships built within the 
KG; (3) discovery of professors whose research interests align with those of the applicants, offering more choices within specific 
research fields; and (4) personalized program recommendations tailored to applicants' academic and career developments. Our 
platform aims to provide a user-friendly tool that assists prospective students in achieving their career goals and enriching the 
geography community by attracting more talent and promoting global geography education.

1   |   Introduction

The increasing importance of Geographic Information 
System/Science (GIS), cartography, and geospatial analytics 
has made a prominent expansion to various domains such as 
urban and environmental planning, remote sensing, disaster 
management, and sustainable development (Goodchild and 
Longley 2021; Rosenkrantz et al. 2021; Wu et al. 2023). These 
successful practices have attracted more students to pur-
sue graduate programs in GIS to enhance their professional 

skills in geography and other relevant fields (Bodycott 2009; 
Bodycott and Lai  2012; Bednarz, Heffron, and Huynh  2013; 
Bohman  2014; Cebolla-Boado, Hu, and Soysal  2018; de Wit, 
Minaeva, and Wang 2022). These graduate programs include 
academic programs (e.g., master's and doctoral programs) and 
non-academic ones (e.g., certificate programs, online pro-
grams). Given this context, numerous higher education pro-
grams have been designed for prospective students to achieve 
their career goals. For easy access to these programs, sev-
eral educational resources, beyond program websites, have 
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been developed to assist applicants in program navigation. 
For instance, the AAG Guide to Geography Programs and 
Opportunities1 provides valuable resources for students to ex-
plore various programs in geography. Additionally, GISphere,2 
a non-profit platform led by graduate students and young 
scholars from GIS-related fields, offers opportunities for dis-
covering and retrieving GIS graduate programs. Its website 
summarizes comprehensive global information on over 600 
GIS programs across more than 97 countries and regions as of 
December 2023 (Wang et al. 2023).

Despite the availability of these valuable educational resources, 
applicants still face several challenges. First, abundant global 
opportunities are too overwhelming for applicants to select suit-
able problems accurately fitting their interests across various 
websites (Wang et al. 2023). Second, the lack of detailed infor-
mation and personalized guidance hinders them from discover-
ing programs that satisfy their specific interests and preferences 
(Naz, Siddiqua, and Asim 2019). For instance, when considering 
future programs, applicants may take factors such as location 
and research interests into account (Wang et al. 2023; Lei and 
Chuang 2010). Applicants also need guidance on how to explore 
and utilize the available data more effectively so that they can 
dive deep into professors' research interests and understand 
the range and prospects of research fields (A Tactical Guide 
to Graduate Student Recruitment  2024; Paris, Birnbaum, and 
Dix 2020). All of these emphasize the necessity for a more per-
sonalized and insightful decision-making process while explor-
ing different graduate programs.

Consequently, we identify a significant gap between educational 
resources and applicants in information retrieval. How to assist 
applicants in navigating programs and finding the most rele-
vant opportunities based on their academic and career goals? 
In this paper, building upon the GISphere project, we introduce 
GISphere-KG, an AI-powered platform supporting the search 
and recommendation for GIS-related graduate programs. It in-
corporates two major technologies: knowledge graph (KG) and 
large language models (LLMs). We ask the following research 
questions: (1) How can the platform facilitate the search pro-
cess, making it easier and more intuitive for applicants to ac-
cess program resources that align with their research interests? 
(2) How can the platform discover professors with similar re-
search interests? (3) How can the platform offer personalized 
program recommendations for applicants by considering their 
preferences? Using our GISphere-KG, applicants can efficiently 
identify programs that align with their specific needs such as 
country, university, and research interests. It not only saves the 
time and energy of applicants but also benefits the entire geogra-
phy community in attracting the next generation of geographers.

Such a powerful platform was implemented by incorporating KG 
and LLMs. As a semantic web technology, KG organizes struc-
tured and unstructured data into a graph (W. Li et al. 2022). In the 
KG, each concept is considered as a node, and the semantic rela-
tionship between two concepts is represented as an edge connect-
ing the two semantic nodes, which enables knowledge exchange 
and data integration through standardization (Li et  al.  2023). 
This cutting-edge technology has shown extraordinary perfor-
mance in various knowledge discovery tasks, such as link pre-
diction (Wang, Qiu, and Wang  2021), question and answering  

(QA) (Yani and Krisnadhi  2021), and information retrieval 
(Reinanda, Meij, and de Rijke 2020). In the field of GIS, numer-
ous practices has also leveraged KG, such as world KG for the se-
mantic representation of geographic entities (Dsouza et al. 2021); 
a knowledge graph visualization platform, GeoGraphVis, for di-
saster relief (Li et al. 2023); an electric vehicle (EV) knowledge 
graph for smart transportation system (Qi et  al.  2023); and a 
cartographic geovisualization platform with the support of se-
mantic web technologies (Huang and Harrie  2019). However, 
KG techniques have not received sufficient attention in GIS and 
Geography education, and there has been no practical applica-
tions that use KG yet. Integrating KG offers new opportunities 
to dynamically link research interests among different profes-
sors, allowing for the discovery of similar research direction that 
matches students with suitable opportunities. More importantly, 
the strong capability of KG on heterogeneous data linkages en-
ables GIS educational program retrieval and promotion across 
diverse datasets comprehensively.

In addition to KG, the rapid advancement of LLMs, such as 
generative pre-trained transformer (GPT) models (Brown 
et  al.  2020) and bidirectional encoder representations from 
transformers (BERT) (Devlin et al. 2018), has led to outstand-
ing performance on a wide range of natural language processing 
(NLP) tasks. These include but are not limited to information 
retrieval (Zhu et al. 2023), QA (Ishwari et al. 2019), and text gen-
eration (J. Li et  al.  2022). ChatGPT, one of the most powerful 
interactive platforms supported by various LLMs, developed 
by OpenAI  (2022, 2023), enables a wide range of NLP tasks 
through a question-answering process (OpenAI 2022). It takes 
users' questions in a natural language format and responds with 
easy-to-understand answers in the same way. This can simplify 
the question-answering process, offering students a convenient 
and efficient way to access important information and program 
recommendations. Although ChatGPT, powered by LLMs, has 
displayed extraordinary performance in natural language un-
derstanding, it is not omnipotent. Researchers have observed 
that LLMs can sometimes produce inaccuracies or mislead-
ing information, a phenomenon referred to as “hallucination” 
(Tonmoy et  al.  2024). Thus, errors in response accuracy and 
context interpretation can occur because of the limitations in-
herent in these LLMs.

Our proposed GISphere-KG platform has the following 
characteristics:

1.	 Interactive conversation: Utilizing LLMs, the platform ena-
bles a conversational interface where applicants can input 
their questions and receive responses in natural language.

2.	 Efficient information retrieval: Through the application 
of KG, GISphere-KG connects diverse attributes through 
semantic relationships, facilitating quick and efficient re-
trieval of information about GIS programs. It should be 
acknowledged that our KG is built based on diverse GIS/
Cartography-related information collected from external 
sources hosted on the GISphere platform. New data sources 
related to GIS/Cartography programs will be incorporated 
into updates of the KG on the GISphere platform.

3.	 Discovery of professors with similar research interests: The 
platform uses KG to connect professors through semantic 
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similarity based on their research interests. It allows ap-
plicants to find professors who match their own interests, 
thereby offering a comprehensive overview of the research 
field.

4.	 Program recommendation: By leveraging LLMs, 
GISphere-KG can analyze applicants' interests and rec-
ommend GIS-related programs that align with their ac-
ademic and career goals based on semantic similarity 
calculations.

By integrating these cutting-edge technologies, GISphere-KG 
aims to provide a user-friendly tool based on an up-to-date 
global database of GIS programs. We showcase how advanced 
technologies such as KG and LLMs can be utilized to enrich 
GIS and geography education and help recruit future gen-
erations of geographers. The GISphere-KG facilitates per-
sonalized matches between applicants and the programs or 
professors that can best support their future careers. It should 
be acknowledged that, although there are various programs, 
including both academic (research-based) and non-academic 
(non-research-based) ones, we primary  focus on academic 
master's and doctoral programs due to the current dataset 
coverage. In these programs, graduate students often need 
to finish thesis and dissertation as graduate requirements 
beyond training practical skills. Differently, “non-academic” 
programs aim to cultivate students pursing their industry 
careers instead of academia. In this category, students from 
non-academic graduate programs are probably not required to 
finish dissertation for graduation. Furthermore, our work did 
not include the information regarding research experience or 
funding package. In the future, we plan to expand our work to 
include non-academic programs and collect more data sources 
covering diverse information. Despite the fact that we solely 
focus on GIS, our GISphere-KG showcases the potential of ad-
vanced technology to enhance education within this field and 
might be utilized to benefit broader domains such as geogra-
phy and social science.

2   |   Related Work

2.1   |   Rising Importance of GIS Education

GIS has evolved into an essential component across various 
domains (Longley  2000; Baker and Witham Bednarz  2003; 
Rickles, Ellul, and Haklay  2017; Jakab, Ševcík, and 
Grežo  2017). Specifically, GIS aids city design and manage-
ment in urban planning (Batty 2018), facilitates environmental 
monitoring in remote sensing (Weng 2010), supports biodiver-
sity conservation in ecology (Boyd and Foody 2011), and en-
hances cultural research in digital humanities (Bodenhamer, 
Corrigan, and Harris 2010). The rising demand for specialized 
knowledge and skills in these areas has led to a significant 
increase in educational programs specializing in GIS (Revell 
and Benfield 2022). These programs include master's and doc-
toral programs, professional master's courses, and certificate 
programs (DeMers, Kerski, and Sroka 2021), as well as non-
research degrees and online programs. They aim to align stu-
dents' aspirations with the dynamic and multifaceted needs 
of industry (Mathews and Wikle 2019; Tian 2017), offering a 

diverse range of specializations. They focus on areas like GIS 
methods, spatial analysis, cartography and geovisualization, 
and domain-specific applications in urban planning and envi-
ronmental management (Wang et al. 2023).

Despite the significant growth of GIS in both industry and ac-
ademia, prospective students still face challenges in efficiently 
searching for and receiving personalized recommendations 
for programs that align with their interests and career goals. 
Massive amounts of fragmented information are spreading 
across various websites, often lacking proper links, in multiple 
languages, and much of it is not publicly available on the inter-
net. This makes it difficult for prospective students worldwide to 
find comprehensive and up-to-date program details. Although 
the GISphere database offers valuable information on GIS pro-
grams and professors from more than 400 universities globally 
(GISphere Contributors 2023), the student experience could be 
significantly enhanced by providing personalized program rec-
ommendations that closely align with individual research inter-
ests and career aspirations. Additionally, the ability to search 
for relevant information across universities would be beneficial. 
This gap highlights the necessity for a systematic approach to 
gathering and sharing program information, which is crucial 
for students navigating the complexities of GIS educational 
paths and for the broader geographical community aiming to 
attract new talent (Tate and Jarvis 2017).

2.2   |   Knowledge Graphs in Geographical 
Applications

The concept of “Knowledge Graph” was originated back 
in 1980s for semantic networks (Knowledge Graph  2024). 
In 2012, Google introduced the Knowledge Graph built on 
DBpedia and Freebase to facilitate the information retrieval 
(Knowledge Graph  2024). A knowledge graph represents 
data in a human and machine-readable way, enabling the 
scalability and timely updates of new cross-domain knowl-
edge (Janowicz et al. 2020, 2022; Qi et al. 2023). It has been 
increasingly applied to various geographical applications 
(Liu et  al.  2022; Li et  al.  2023; Qi et  al.  2023; Huang and 
Harrie  2019). For instance, KnowWhereGraph system was 
developed to build a highly interconnected, cross-disciplinary 
knowledge graph with geographical information enriched to 
support environmental intelligence (Janowicz et  al.  2022). 
GeoGraphVis platform, empowered by a knowledge graph (Li 
et al. 2023; Wang, Li, and Gu 2023), integrates cross-domain 
data, such as disaster impact, medical resources, and regional 
population, facilitating disaster relief and humanitarian aid. 
Qi et al. (2023) constructed an EV KG encapsulating various 
EV-relevant knowledge, such as supply equipment and elec-
tricity transmission network, to support decision-making and 
potential interoperability with additional domain knowledge. 
However, the application of knowledge graphs in GIS educa-
tion promotion has not been explored yet. As GIS programs 
are dynamic and rapidly evolving, knowledge graphs can offer 
the flexibility and scalability to incorporate and summarize 
new and emerging geographical knowledge.

Unlike tabular data, where each individual data point is inde-
pendent, a knowledge graph links heterogeneous data through 
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explicit semantic relationships, allowing sophisticated querying 
and efficient knowledge discovery. Liu et al. (2022) developed a 
faceted search platform to support information retrieval from 12 
billion statements across more than 30 domains. Li et al.'s (2023) 
GeoGraphVis interface, supported by a knowledge graph, enables 
disaster-related queries across various domains, such as medical 
resources and disaster impact. These efforts facilitate the retrieval 
of heterogeneous knowledge already present in the database.

Applying knowledge graph to GIS education can enhance 
the efficiency of searching for the desired information under 
complicated requirements. An educational knowledge graph, 
constructed by Troussas et al. (2023), incorporates a cosine sim-
ilarity method to measure preferences for different educational 
resources, delivering personalized education material recom-
mendations. Motivated by this, we hope to integrate KG to pro-
vide valuable insights for GIS education. In addition to querying 
existing information, students are often interested in analyzing 
which programs have similar research fields or which professors 
work on topics they are passionate about. Consequently, knowl-
edge graphs can be a promising solution for information discov-
ery and program recommendation in GIS education.

2.3   |   GIS Promotion Platform Empowered 
by LLMs

The rapid progress of LLMs can be characterized by a series 
of GPT models (Floridi and Chiriatti 2020; Brown et al. 2020), 
which form a solid foundation for the LLMs approaching 
human-level comprehension. These various LLMs achieve 
outstanding performance on many NLP tasks, including in-
formation retrieval (Qiu et  al.  2023), QA (Feng, Ding, and 
Xiao  2023), and text generation (Wang, Thompson, and Iyyer 
2021; Tang, Chuang, and Xia 2023). OpenAI  (2022, 2023) has 
developed cutting-edge LLMs, enabling various NLP tasks 
through a question-answering process on the ChatGPT platform 
(OpenAI 2022). This innovative integration allows users to enter 
their questions on the ChatGPT platform and receive immediate 
answers, tailored to their specific inquiries and intentions, with-
out requiring prior knowledge of the underlying technologies.

Through the application programming interfaces (APIs) offered 
by OpenAI, researchers can leverage its capabilities to enhance 
their domain-specific applications. This access allows for the in-
tegration of advanced language processing features into a wide 
range of specialized fields, including our domain of geography. 
In domain-specific applications, LLMs can reinforce processes 
through prompt engineering, which involves carefully design-
ing the inputs that align with the system's capabilities to elicit 
the optimal responses (Dai et al. 2022; Hu et al. 2023). These ad-
vanced tools enable spatial–temporal data collection and analy-
sis, geodatabase queries, and map generations (Yin et al. 2019; 
Zhang et al. 2023; Feng, Ding, and Xiao 2023).

As the capability of representing space and time began to be rec-
ognized (Gurnee and Tegmark 2023), scholars have attempted to 
unleash the potential of state-of-the-art ChatGPT in fundamen-
tal geographical education and research, investigating its effec-
tiveness and limitations. For example, ChatGPT has been used 
to generate teaching materials (Nguyen et al. 2023) and evaluate 

exams in GIS education (Mooney et al. 2023). These studies have 
demonstrated the potential of LLMs to enrich the education field.

3   |   Methodology

The GISphere-KG platform is designed to enhance applicants' 
experience in seeking Cartography/GIS programs. Building 
upon a worldwide dataset of graduate programs, GISphere-KG 
enables flexible searches to help applicants find programs that 
best fit their needs. A key technique of the platform refers to a 
semantic similarity measure, which can retrieve multiple profes-
sors working in similar research fields based on their research 
interests. Additionally, the platform utilizes semantic similarity 
to compare applicants' research interests with those in the data-
base, facilitating the recommendation of appropriate programs.

Figure  1 illustrates the workflow of our platform, including: 
(1) data collection and preprocessing, (2) knowledge graph 
construction, (3) semantic similarity calculation, and (4) graph 
search with LLMs. The data collection and preprocessing step 
details dataset preparation. We then designed an ontology and 
built the knowledge graph to represent the relationships and 
entities within the data. In the phase of semantic similarity cal-
culation, we used LLMs to embed research interests into numer-
ical vectors and measured semantic similarities between them. 
This supports the discovery of professors with similar research 
interests and program recommendations. The final step stream-
lines the question-answering process for information retrieval 
with both explicit and implicit graph searches, discovering pro-
fessors with similar research interests, and providing personal-
ized program recommendations.

3.1   |   Data Collection and Preprocessing

From 2019 to 2023, the GISphere project has collected infor-
mation from over 600 GIS-related programs worldwide in 
97 countries or regions as of December 2023. This extensive 
dataset covers faculty information from about 2000 professors 
across more than 400 academic institutions, specializing in 
fields such as Geographic Information Science (GIS), Global 
Navigation Satellite System (GNSS), Remote Sensing (RS), 
physical geography, human geography, and urban planning. 
To obtain this rich dataset, volunteers utilized web crawling 
techniques and manual searches. They also regularly updated 
the database with the latest information on academic-oriented 
MS/PhD opportunities. The raw datasets were preprocessed 
and cleaned by extracting specific details and removing emo-
jis, punctuation, and repetitive texts. An annual validation and 
revision process is in place to ensure the data's accuracy and 
relevance. Consequently, this comprehensive dataset serves as 
the data foundation for our KG.

Figure 2 displays the format of the collected data, categorized 
into four entities: Country, City, University, and Professor. Each 
entity contains multiple attributes. The Country entity includes 
the attribute “continent”. The City entity includes the attributes 
“country”, “latitude”, and “longitude”. The University entity 
includes the attribute “city” where the university is located, a 
“description” of the university, the “department” associated 
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with GIS-related programs, and the university's “latitude” and 
“longitude”. The Professor entity includes the “university” and 
“country” where the professor works, the attribute “discipline”, 
indicating the professor's broad field, such as “physical geog-
raphy”, “human geography”, “urban planning”, “GIS”, “RS”, 
and “GNSS”, and the attribute “research interest”, which re-
fers to specific areas of focus. Research interests of professors 
are retrieved from professors' personal/department websites or 
Google Scholar. This attribute is essential as it supports seman-
tic similarity measures, enabling the identification of professors 
with similar research interests and could support recommend-
ing appropriate programs for applicants.

3.2   |   Knowledge Graph Construction

Based on the collected and cleaned dataset, we designed an 
ontology for GISphere-KG to define the semantic structure 
among concepts, properties, and their relationships. Figure  3 
shows this schema, displaying entities and their corresponding 

relationships. Compared with LLMs that may generate inaccu-
rate information due to the “hallucination” phenomena.

The GISphere-KG ontology contains seven classes: Continent, 
Country, City, University, Department, Professor, and Research 
Interest. Each class has multiple attributes, as shown in Figure 3. 
Continent, Country, and City represent the administrative re-
gions of each program and include the “name” attribute. The 
University includes “name”, “description”, “latitude”, and “longi-
tude”. The geolocation of the University entity is stored in WKT 
format to support spatial inquiries. The Department class has 
a “name” attribute related to the GIS programs. The Professor 
class includes “name” and “expertise” attributes. The “exper-
tise” attribute contains six broad fields, namely, physical geog-
raphy, human geography, urban planning, GIS, RS, and GNSS. 
The Research Interest class is the most important entity in our 
KG. It defines various research interests of professors, which 
can be used to analyze similar expertise among professors and 
provide appropriate program recommendations for applicants.

According to the constructed seven classes, four types of re-
lationships are defined: isIn, worksAt, hasResearchInterestOf, 
and isSimilarTo. The “isIn” relationship connects administra-
tive regions or places, such as <Country, isIn, Continent> to 
denote whether a Country is part of a Continent. The “worksAt” 
relationship specifies the University where a Professor is em-
ployed, represented by <Professor, worksAt, University>. The 
“hasResearchInterestOf” relationship indicates the research 
interests of a Professor, represented as <Professor, hasRe-
searchInterestOf, Research Interest>. Specifically, the relation-
ship between Professor and Research Interest is one-to-many, 
meaning that a Professor can have multiple research interests. 
“isSimilarTo” represents the similarity between professors 
based on their research interests. More details will be intro-
duced in Section 3.3.

Based on the designed ontology, we converted the dataset into a 
graph format compatible with Neo4j's data loader requirements. 
After compiling all instances for nodes and relationships, we 

FIGURE 1    |    The workflow of the GISphere-KG: (1) data collection and preprocessing, (2) knowledge graph construction, (3) semantic similarity 
calculation, and (4) graph search with LLMs with both explicit and implicit graph search.

FIGURE 2    |    Data structures of the collected data including the four 
entities country, city, university, professor, and their attributes.
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6 of 14 Transactions in GIS, 2025

used Neo4j's built-in bulk import tool to load them for graph 
instantiation.

3.3   |   Semantic Similarity Calculation

When applicants search for professors with certain research 
interests, they often want to explore other professors with sim-
ilar interests or receive relevant program recommendations 
based on their desired research areas. Measuring the semantic 
similarity of research interests is crucial for retrieving profes-
sors with similar research interests and facilitating program 
recommendations.

To accomplish this, we leveraged a state-of-the-art embedding 
model, the text-embedding-ada-002 (Gao 2023), to convert each 
research interest into a high-dimensional numerical vector that 
captures its hidden semantics. This model3, accessible from 
OpenAI documentation guide,3 efficiently handles long contexts 
(Gao 2023). After obtaining the semantic vectors, we applied co-
sine similarity to calculate the semantic similarity between each 
pair of research interests.

To represent professors' research similarities, we built a new se-
mantic relationship, isSimilarTo, assigning similarity values to 
it. These relationships were stored in a graph database, allowing 
the system to directly identify professors with similar research 
interests. Figure 4 illustrates the process of calculating the se-
mantic similarity between professors.

Using the text-embedding-ada-002 model, each research in-
terest is embedded into a vector representing its semantic fea-
tures. The semantic similarity between each pair of research 
interests is calculated using cosine similarity, as represented in 
Equation (1). The value of semantic similarity ranges from 0 to 
1, with higher values indicating higher relevance between the 
two research interests.

The semantic similarity of each pair of research interests was cal-
culated, building a similarity matrix, as shown in Figure 4. The 
similarity matrix of the two professors reflects their research-
interest-wise semantic similarity, as shown in Equation (2).

(1)s(a,b) = cos(�) =
a ∙ b

‖a‖‖b‖

FIGURE 3    |    Designed ontology for GISphere-KG.

FIGURE 4    |    Research similarity calculation between two professors.
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where sAB ∈ Rm×n is a similarity matrix of research interests for 
professors A and B. It has the size of m × n, corresponding to the 
number of research interests of two professors. Specifically, m is 
the number of research interests for professor A, while n is the 
number of research interests that another one has. The element 
sij in the matrix indicates the similarity value between the ith 
research interest from one professor and jth one from another. 
As a result, for the research similarity between two professors, 
we aggregated the pairwise scores from the above similarity ma-
trix into a single representative score by calculating the average 
value of the matrix, as demonstrated in Equation (3).

After calculating the semantic similarity values between profes-
sors, we defined a new relationship called “isSimilarTo” within 
our constructed KG. This relationship includes an attribute 
“similarity value” that saves the similarity values between pro-
fessors. It allows applicants to easily perform natural language 
queries to discover professors whose research interests closely 
align with their own. Consequently, applicants can retrieve mul-
tiple professors with similar interests and identify suitable pro-
grams efficiently.

3.4   |   Graph Search With LLMs

After constructing the KG, we developed two types of graph 
searches so that users could retrieves information of profes-
sors from the graph database and receive recommendations on 
programs. In particular, two search types are performed. First, 
“Explicit Graph Search” retrieves information directly from the 
graph database and discovers professors with similar research 
interests. Second, “Implicit Graph Search” recommends pro-
grams and retrieves information based on semantic similarity 
inference. To accomplish this, Neo4j graph database is utilized 
to store the established knowledge graph and semantic simi-
larity relationships. This setup allows for efficient information 
retrieval and program recommendation through a question-
answering process using Cypher statements.

Cypher, the graph query language for Neo4j, enables querying 
the database with specific syntax formats. However, predefined 
Cypher statements can be inflexible, limiting the ability to han-
dle complex queries and failing to accommodate unexpected 
and diverse questions provided by applicants with varying pref-
erences. To address this limitation and fulfill diverse querying 
demands, we integrated LLMs through the LangChain frame-
work using OpenAI's APIs. LangChain, as an off-the-shelf 
open-source framework, provides convenient access to different 
LLMs, thus facilitating their integration into NLP-supported 
applications. Notably, by integrating LangChain with the Neo4j 
database, we enabled the generation of Cypher statements from 
natural language inputs. This strategy offers a more adaptable 

and user-friendly solution. As a result, applicants can conve-
niently communicate with the platform as they would with a 
human, without encountering technical barriers. As we have 
pointed out problems associated with LLMs that can lead to in-
accurate responses from ChatGPT, our GISphere-KG platform, 
which is also supported by LLMs, may produce undesirable 
answers as well. When we provide natural language requests 
to the platform, the process of Cypher statement generation re-
quires the LLM to be versatile enough to understand the inten-
tion and context of the inputs. This limitation necessitates that 
we provide the model with as much explicit guidance as pos-
sible to ensure more accurate outputs for users. Additionally, 
any updates to the GISphere-KG based on new data sources un-
dergo thorough review and validation to maintain the system's 
accuracy and reliability.

Given the diverse needs of students during their application 
process, we developed two information retrieval functions 
based on the most relevant and frequent questions they may 
have: “Explicit Graph Search” and “Implicit Graph Search”. The 
explicit graph search function allows users to search for spe-
cific information stored in the KG without inference. Examples 
include queries such as “Where is a university located?” or 
“What are a professor's research interests?” Additionally, 
using the explicit graph search, applicants can discover other 
professors with similar interests based on the pre-calculated 
“isSimilarTo” relationship. The implicit graph search aims to 
recommend the most suitable programs by inferring semantic 
similarity between the applicants' input research interests and 
those stored in the database. The two functions ensure that 
applicants can efficiently retrieve information and receive per-
sonalized program recommendations, enhancing their overall 
experience using the platform.

3.4.1   |   Explicit Graph Search

This function is designed to retrieve existing information from 
the graph. Natural language questions provided by applicants 
are converted into Cypher statements using LLMs, which are 
further used to query the Neo4j graph database for direct knowl-
edge without inference. Applicants can retrieve information for 
several predefined entities (Continent, Country, City, University, 
Department, Professor, and Research Interest) along with their 
corresponding attributes and relationships between these entities 
(isIn, worksAt, hasResearchInterestOf). For instance, Question 1.1 
illustrates how to query the graph for specific knowledge retrieval, 
as shown in Figure 1. In addition to fetching direct information 
from the KG, the platform utilizes the “isSimilarTo” relationship 
to connect pairs of professors, incorporating a “similarity value” 
attribute that measures the similarity of their research interests. 
This function enables users to discover other professors whose 
expertise closely aligns with their interests, thereby facilitating 
potential academic collaborations and mentorships. It should be 
noted the similarity of professors' research interests has been pre-
calculated and stored in the KG to save computational resources, 
thus this function belongs to the explicit graph search. This explo-
ration also serves as a valuable tool for applicants to understand 
the broader trends and emerging research areas within their field 
of interest. Question 1.2 is an example querying question for ex-
ploring professors' research similarities.

(2)sAB =

⎡⎢⎢⎢⎢⎢⎣

s11 s12

s21 s22

… s1n

… s2n

⋮ ⋮

sm1 sm1

⋱ ⋮

… smn

⎤⎥⎥⎥⎥⎥⎦

(3)similarity(professor A, professor B) = mean
(
sAB

)
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8 of 14 Transactions in GIS, 2025

Question 1.1.  Which professors have research interests in 
geovisualization?

Question 1.2.  Which professor's research is most similar to 
that of Professor Wenwen Li (top5)?

3.4.2   |   Implicit Graph Search

The implicit graph search complements the explicit graph 
search by incorporating research-interest-based recommen-
dations and graph retrieval based on semantic similarity with 
inference. It not only recommends programs but also provides 
other relevant information associated with research interests 
in the database, inferred through semantic similarity. When 
an applicant submits a query in natural language, it includes 
their preferred research interest, which is converted into a vec-
tor. The system employs LLMs to perform semantic similarity 
calculations between the applicant's input and the embeddings 
in the database, identifying the most similar research interests 
and additional entities attached to those research interests.

By integrating advanced natural language understanding, the 
GISphere-KG system can respond accurately to direct inquiries 
and uncover implicit insights, thereby enhancing the overall 
utility and effectiveness of the program recommendation pro-
cess. Below are examples of implicit graph searches. Question 
2.1 focuses on identifying research interests based on seman-
tic similarity calculation, while Question 2.2 takes this a step 
further by retrieving specific information (e.g., university and 
professors) related to such semantic similarities to enhance pro-
gram recommendations.

Question 2.1.  Which research interests align closely with 
map visualization?

Question 2.2.  Which universities have professors who have 
research interests close to map visualization?

4   |   Experiments

In this section, we showcase several outputs of the GISphere-KG 
platform. Our GISphere-KG operates as a text-based interface, 
and we display the ontology structure of the constructed knowl-
edge graph using Neo4j's built-in visualization function. We 
present several examples to highlight the ontology visualization 
of the KG and its responses to a variety of queries. Our code of 
the system has been openly available on GitHub: https://​github.​
com/​GIS-​Info/​GISph​ereKG​-​ChatB​ot.​git.

4.1   |   Knowledge Graph Ontology Visualization

Figure 5 shows examples of the ontology structure of the con-
structed knowledge graph using the Neo4j visualization plat-
form. It shows ontology structures among instances from various 
entities and relationships. Circles with different colors represent 
different entities, such as City, Country, Continent, Department, 
Professor, Research Interest, and University. Arrows indicate 
the semantic relationships between pairs of entities, including 

hasResearchInterestOf, isIn, isSimilarTo, and WorksAt. Figure 5a 
shows a subgraph that contains <City, isIn, Country> and 
<Country, isIn, Continent>. In this subgraph, orange circles rep-
resent City entities, light green circles represent City, and light-
yellow circles are Continent nodes. In this figure, different types 
of nodes are connected by an edge of “isIn”. Figure  5b shows 
a few examples of <Professor, hasResearchInterestOf, Research 
Interest> and <Professor, WorksAt, University>. Specifically, the 
Professor node is in blue, the Research Interest nodes are in or-
ange, and the node with pink color is the University node. These 
visualizations clearly illustrate the structure of the knowledge 
graph, demonstrating how various entities are interconnected 
within the GISphere-KG platform.

4.2   |   Question-Answering Process

Figures  6 and 7 illustrate the interface of the GISphere-KG, 
which allows applicants to inquire about GIS-related programs 
by simply typing their questions. This user-friendly, intuitive 
question-answering process requires no prior knowledge of the 
platform. Building upon the GISphere dataset, the GISphere-KG 
offers a comprehensive and accessible platform for exploring 
GIS programs, significantly enhancing the user experience for 
prospective students and researchers. To demonstrate its query-
ing capabilities, we use four example questions mentioned in the 
previous section. Both explicit graph search and implicit graph 
search functions are performed. In addition, we provide a sce-
nario to illustrate how the GISphere-KG platform supports per-
sonalized user experiences.

4.2.1   |   Explicit Graph Search

Figure  6 shows the results of the explicit graph search of 
GISphere-KG. Figure 6a displays the search results for the ques-
tion “Which professors have research interests in geovisualiza-
tion?”. The system first summarizes the query, searches for the 
keyword in the database, and lists ten different professors who 
match the criteria. Moreover, each professor's research interests 
are briefly introduced, and external links to their personal/in-
stitutional websites are provided with further details. Figure 6b 
shows the results for the query, “Which professor's research is most 
similar to that of Professor Wenwen Li (top5)?”. Since research sim-
ilarities among professors have been pre-calculated and stored 
in the graph database, LLMs can directly interpret the question, 
generate the appropriate Cypher statement, and retrieve the top 
five professors who have the most similar research interests. The 
results are listed in descending order of similarity, with each pro-
fessor's name and corresponding similarity value provided.

4.2.2   |   Implicit Graph Search

Figure 7 displays the search results of finding research interests 
similar to those input by applicants. Recognizing that research 
interests can be expressed in various ways, the system identi-
fies similar interests within the graph database. This helps ap-
plicants to discover research fields that match their interests. As 
shown in Figure 7a, the platform responds to the question “What 
research interests align closely with map visualization?”. The 
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GISphere-KG converts the question into a vector, retrieves rele-
vant embeddings from the database, and calculates the seman-
tic similarity between the input and research interests stored in 
the KG. It then identifies and presents the most similar research 
interests in the KG in a human-readable format. Research inter-
ests similar to “map visualization” include “geographic visualiza-
tion”, “geographic visualization/visual analytics”, “cartographic 
visualization”, and “cartography and geovisualization”.

This platform also retrieves information related to research in-
terests inferred by semantic similarity, as shown in Figure 7b. 
This process involves several backend processing steps: (1) ana-
lyzing the query with NLP models to identify relevant research 
interests. (2) searching for “Research Interest” nodes in the 
graph database based on semantic similarity, and (3) generating 
Cypher statements to query information associated with these 
research interests. As a result, the system retrieves information 

about professors, their research interests, and universities. This 
information is then retrieved and presented in natural language 
on the frontend web page, making it convenient for applicants to 
understand and explore.

4.2.3   |   User Retrieval Scenario

In addition, we have provided another one uses cases to further 
display that our platform can understand complicated ques-
tions to generate desirable answers for applicants. Figure  8 
shows the response for the question “John Doe is from the 
United States and is interested in hazards research. He is look-
ing for a university to pursue his graduate studies and is looking 
to develop skills in remote sensing and spatial analysis.” The 
platform understands the intention of the applicant, which is 
to find a university, and captures the research interests from it, 

FIGURE 5    |    The ontology of the GISphere-KG using the Neo4j built-in visualization function. (a) shows the subgraph for <City, isIn, Country> and 
<Country, isIn, Continent>; (b) shows the subgraph for <Professor, hasResearchInterestOf, Research Interest> and <Professor, WorksAt, University>.
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10 of 14 Transactions in GIS, 2025

including hazards and remote sensing. Except for those explic-
itly mentioned in questions, the platform also finds out simi-
lar ones related to applicant's interest, including “geohazards” 
and “hazard”. As a result, it intelligently integrates key infor-
mation as a clear request, which is to find a university where 
he can work on hazards, remote sensing, and spatial analysis. 
The response lists professors linked with websites affiliated 
with their universities as well as research interests. In this 
way, the applicant can not only know the university to apply 
for but also corresponding professors the applicant might want 
to work with. Despite that our system effectively retrieves rel-
evant information, some limitations should be acknowledged 
in understanding complicated questions. We observed that the 
system did not consistently interpret the input questions suc-
cessfully. During testing, there were instances where the sys-
tem accurately captured all relevant research interests, while 
at other times, only a few were identified. This inconsistency 
may be due to the fact that current LLMs are primarily trained 
on general contexts and lack sufficient domain-specific knowl-
edge. To address this, future work could focus on fine-tuning 
the LLMs with more geographic terminologies and enhancing 
the understanding of the system by incorporating prompts 
with more geographic knowledge. These improvements would 
enable the platform to better understand complex user queries, 
ultimately enhancing the overall user experience.

5   |   Discussion and Future Work

This research demonstrates a valuable example of how cutting-
edge technologies such as Knowledge Graphs and Large 
Language Models can be combined to enrich GIS and geog-
raphy education. By leveraging these emerging technologies, 
GISphere-KG enables students to efficiently explore and dis-
cover relevant educational programs, delve into GIS research 
topics, gain insights into research trends, and discover pro-
fessors who match their research interests. These capabilities, 
previously unattainable through conventional educational 
methods, represent a significant advancement. GISphere-KG 
offers a personalized recommendation system that customizes 
program suggestions based on user interests and academic 
backgrounds, thereby fostering a more directed and mean-
ingful educational journey. Additionally, the integration of 
LLMs with knowledge graphs allows users to query complex 
research questions and access insights that were previously 
achieved with extensive manual coding. We advocate for the 
further integration of LLMs and other advanced AI tools in 
educational frameworks to equip future geographers with a 
robust, intuitive, and comprehensive learning environment.

Notably, the GISphere-KG only focuses on facilitating the search 
for GIS-related programs and professors in this paper, while its 

FIGURE 6    |    Examples of the explicit graph search results. (a) “Which professors have research interests in geovisualization?”; (b) “Which profes-
sor's research is most similar to that of Professor Wenwen Li (top5)?”.

FIGURE 7    |    Implicit graph search for program recommendation. (a) Search for similar research interests; (b) Search for information associated 
with research interests.

 14679671, 2025, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/tgis.13283 by U

niversity O
f T

exas L
ibraries, W

iley O
nline L

ibrary on [19/03/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



11 of 14

underlying technology holds the potential to support a wide range 
of applications, significantly broadening the platform's utility and 
user base. Beyond program search, GISphere-KG can assist stu-
dents in understanding GIS structures and research dynamics, 
learning about specific sub-research areas, exploring their re-
search interests, and preparing for career developments. The plat-
form allows its users to explore research trends and researchers' 
interests, making it a valuable resource for researchers seeking 
collaboration, peer review, or panel participation opportunities. 
Additionally, combined with up-to-date recruitment information 
from the GISphere database, the platform could offer insights for 
early career researchers in job hunting and professionals contem-
plating career shifts. Its knowledge in GIS provides the oppor-
tunity for individuals pursuing a general understanding of GIS. 
Future enhancements could include the development of tools for 
visualizing GIS research trends, creating interactive forums for 
academic discussion, and implementing AI-driven advising sys-
tems for personalized guidance in education and career planning. 
These initiatives would not only extend the platform's capabilities 
but also foster a more engaged and informed GIS community.

While GISphere-KG offers a valuable tool for users, we ac-
knowledge several limitations that can be addressed in future 

work. First, we have noticed that the data quality has a signif-
icant impact on the platform's responses. For instance, profes-
sors' research interests can evolve with the emergence of new 
technologies and research topics, making their initial research 
interests potentially outdated. Additionally, research interests 
claimed by researchers may not accurately reflect their work. 
Publications, on the other hand, may provide a more accurate 
reflection of their current research work at the time. To ad-
dress this, we plan to expand our data sources to incorporate 
a broader range of academic information, such as publications, 
citations, teaching records, and project experiences. This ex-
pansion will enable a more comprehensive understanding of 
professors' research interests, refining the similarity measure 
and providing more personalized recommendations and dis-
covery of similar research interests.

Second, despite the extensive coverage of universities and profes-
sors in the GISphere database, some data and information may 
still be missing, especially in several Global South countries. 
Also, our datasets primarily focus on academic programs, such 
as academic master's and doctoral programs. As a result, regu-
lar updates of the database are crucial as research and educa-
tional programs continuously evolve, and we plan to expand our 

FIGURE 8    |    Implicit graph search for university recommendation.

 14679671, 2025, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/tgis.13283 by U

niversity O
f T

exas L
ibraries, W

iley O
nline L

ibrary on [19/03/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



12 of 14 Transactions in GIS, 2025

efforts to include non-academic programs and collect data from 
additional sources. For example, online programs are becoming 
increasingly important and popular, and are playing a crucial 
role in GIS education promotion. To accomplish this, we plan to 
advocate public participatory GIS (PPGIS), encouraging users  
to actively engage with the platform by providing feedback, 
contributing new programs, updating information, and sharing 
reviews. This will expand and update the platform's knowledge 
base and foster a collaborative learning environment.

Finally, although the GISphere-KG platform is generally ef-
fective at retrieving faculty and program information based 
on user queries, it still encounters challenges when process-
ing and interpreting complex input questions. This primarily 
arises from the “hallucination” issue of current LLMs that gen-
erate inaccurate or misleading information. Additionally, the 
existing LLMs are trained on general knowledge, and specific 
domain knowledge might be integrated in future systems. In 
the future, with the advancements in LLMs, we will also aim 
to refine the model's capability to deal with more complicated 
questions by integrating latest data sources and time infor-
mation of program and expanding the range of academic and 
non-academic programs.

6   |   Conclusions

In this paper, we introduce GISphere-KG, a knowledge graph 
and LLM-empowered platform for information retrieval and 
recommendations of GIS-related programs. It provides infor-
mation about the continent, country, city, university, profes-
sors, and research interests. By integrating LLMs through the 
LangChain framework, applicants can enter their questions and 
get accurate and intelligent responses in natural language with-
out prior knowledge about querying statements or other techni-
cal skills. Based on the GISphere-KG, applicants can search for 
a wide range of information stored in the graph database and ex-
plore research similarities among professors. They can also get 
recommendations on programs and related information based 
on their specified research interests, leveraging semantic simi-
larity calculations.

In the future, we will keep updating program resources world-
wide so that applicants can get to know the latest information 
for their admission. We also plan to enrich the GISphere-KG 
with more functions, such as KG visualization with the input 
of textual questions, a multi-hop question-answering function 
that enables more complicated information search, and tempo-
ral information integration which allows applicants to query 
programs and get recommendations within specific periods. In 
this way, our platform will understand more complicated ques-
tions intelligently.

We believe that our platform will significantly advance 
Cartography/GIS education, and more broadly, geography edu-
cation. The comprehensive search functions enable applicants to 
dive deep into a rich repository of academic and professional in-
formation, fostering a deep understanding in making informed 
decisions for their educational journey. Furthermore, it facili-
tates research and collaboration, and could help the recruitment 
of the next generation of geographers.
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