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ARTICLE INFO ABSTRACT

In academic research, systematic literature reviews play a key role in bringing together what 
is known about a given topic, but carrying out such reviews requires considerable time and 
effort, especially in fast-moving areas like logistics and transportation. Even the early task 
of locating and filtering relevant publications from the large body of available work can be 
slow and labor-intensive. Selection and interpretation of articles also remain prone to personal 
judgment, which threatens the reproducibility that scientific inquiry depends on. Against this 
backdrop, this study examines how advanced large language models can be incorporated into 
the systematic literature review process. To do so, we asked GPT-3.5 to screen research articles 
using a set of predefined criteria, testing it for both speed and accuracy. The input consisted 
of titles and abstracts from published work on the Electric Vehicle Routing Problem, a topic 
of growing importance in sustainable logistics, and each article was run through a carefully 
prepared prompt. GPT-3.5 scored 96% accuracy and finished the entire task in less than three 
minutes, whereas a PhD student working on the same task reached 84% accuracy over three 
working days. These outcomes suggest that large language models can be useful for automat-
ing parts or the whole of the literature review process. The workload can be reduced without 
sacrificing, and in fact even improving, accuracy. The study also provides a starting point for 
broader use of such models in academic research, illustrating how they may improve the speed 
and reproducibility of review work across different disciplines.
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INTRODUCTION

Artificial intelligence (AI) has found its way into many 
different fields, showing what it can do in areas ranging 

from project management and data analysis to various 
engineering tasks. For instance, AI has helped improve how 
workflows and decision-making processes are handled in 
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construction project management [1], while methodologies 
like machine learning and blockchain have proven effective 
in log analysis [2]. More recently, a new wave of genera-
tive AI models has opened up fresh possibilities for how 
scientific research is carried out. Recent advancements in 
Natural Language Processing (NLP) have led to the devel-
opment of large language models (LLM) that effectively 
generate human-like language and perform various lan-
guage-related tasks. Although various research groups have 
studied LLMs for quite some time, only a narrow circle 
was aware of these advancements prior to the unveiling of 
ChatGPT on 30 November 2022.

Upon being made freely available on the Internet 
by OpenAI, a leading AI research laboratory, ChatGPT 
attracted immense interest, and the public suddenly 
became aware of the remarkable extent to which LLMs have 
advanced. ChatGPT is, in fact, a user interface to make peo-
ple interact with Generative Pretrained Transformer (GPT) 
models at the back end, which are mainly built upon a deep 
neural network architecture known as transformers. GPT 
models were first introduced by Radford et al. [3] and are 
designed to generate human-like language by predicting 
the next word in a sequence of text based on the previous 
words [4].

The release of ChatGPT led to growing discussion 
about how LLMs might be used in areas ranging from 
education to business. Researchers also began explor-
ing how these models support academic work [4, 5, 6], 
and literature reviews soon became one of the main 
areas of interest [4,5]. A literature review examines the 
existing research and scholarly publications related to a 
particular research topic or question. It is an essential 
component of academic and scientific research, which 
summarizes the current state of knowledge in the field 
and helps identify research gaps. However, due to the 
proliferation of scholarly articles, conducting such 
reviews has become increasingly demanding. Identifying 
relevant and high-quality sources among the large num-
ber of publications is time-consuming and challenging, 
and most of the time resource constraints impair the 
depth and comprehensiveness of the review. There is 
also a risk of personal bias and subjectivity in the selec-
tion and interpretation of studies, which may hinder 
reproducibility.

These challenges in the execution of comprehensive 
literature reviews have motivated researchers to develop 
automated methods to streamline and expedite the liter-
ature review process even before the LLMs. Notably, the 
tools, such as Fast2 [7, 8], Rayyan, SWIFT-Review and 
ASReview [9], were developed to support different stages 
of systematic literature review process. These tools use 
basic machine learning techniques, such as topic model-
ing and clustering, to assist in article screening and clas-
sification. Although these methods reduce manual effort 
and improve efficiency, they struggle with complex or 
domain-specific review tasks because they depend heavily 

on predefined algorithms and have limited contextual 
understanding. Scalability also becomes a challenge, espe-
cially when the datasets are large or contain highly spe-
cialized material.

LLMs have created new opportunities for address-
ing many of these shortcomings. Compared with earlier 
tools, LLMs provide a stronger ability to interpret contex-
tual information and identify subtle relationships in text, 
allowing them to apply detailed inclusion and exclusion 
criteria consistently across large collections of articles. 
Prompt engineering plays an important role here, since it 
lets researchers modify selection criteria without retrain-
ing or fine-tuning the model. Despite these capabilities, the 
potential of LLMs in systematic literature reviews has not 
yet been sufficiently explored, especially in specialized or 
domain-specific settings.

The few studies that do exist have encountered sev-
eral important limitations. Haman & Školník [10] used 
ChatGPT to conduct a literature review but came across 
numerous fabricated articles, a well-known problem 
called hallucination, in which the model produces sim-
ply wrong or nonexistent information. Rahman et al. 
[11] saw a similar pattern when they asked ChatGPT to 
compose an academic paper. The model generated ficti-
tious citations and, when questioned later, acknowledged 
that it could not actually access the original articles. Both 
cases make clear that relying on LLMs like ChatGPT 
for literature reviews without structured guidance is 
problematic. To the best of the authors’ knowledge, no 
peer-reviewed studies to date have systematically eval-
uated the application of advanced LLMs, such as GPT-
3.5, in conducting systematic literature reviews, leaving 
a critical gap in understanding their potential and lim-
itations in academic research workflows.

While the results of first studies may seem discour-
aging, they also highlight the need for more structured 
and guided methodologies when employing LLMs in 
systematic literature reviews. Having ChatGPT carry 
out a review on its own is only one approach to use an 
LLM. An alternative method involves working through 
the OpenAI API, which allows users to guide the mod-
el’s behavior and make its responses more consistent with 
the task requirements. By providing structured prompts 
together with context-specific information, issues such as 
hallucination can be reduced, and the output can remain 
better aligned with the objectives of the study [12, 13]. 
This guided approach not only lowers the risk of incorrect 
outputs but also helps make systematic literature reviews 
more reproducible and reliable. The present study adopts 
this approach to evaluate the use of LLMs in the literature 
review process.

Building on this alternative approach, this study is, 
to the best of the authors’ knowledge, the first to system-
atically evaluate the application of GPT-3.5, an advanced 
LLM, for systematic literature reviews. Unlike previous 
methods that relied on simpler machine learning tools or 
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default configurations of LLMs, the methodology in this 
study employs structured input, prompt engineering, and 
domain-specific criteria to enhance accuracy and scalabil-
ity. In doing so, it addresses important gaps in the existing 
literature and shows how LLMs can contribute to scientific 
workflows when applied with care.

To implement this approach, several techniques were 
used, including adding more context to the prompts, 
applying chain-of-thought reasoning, restricting the for-
mat of the outputs, and providing the model with sup-
plementary data [12, 13]. In practice, the LLM receives 
the titles and abstracts of a predefined set of articles and 
evaluates their relevance to the research topic according 
to predetermined inclusion and exclusion criteria. Unlike 
earlier studies that relied mainly on the model’s pretrained 
knowledge, the present study provides structured and 
task-specific input directly related to the review process. 
The OpenAI API is also used to limit the model to the 
supplied articles and stated criteria, which helps reduce 
hallucination and keeps the responses focused on the 
research task.

In this research, we test whether GPT-3.5 can success-
fully identify research publications related to the Electric 
Vehicle Routing Problem (EVRP). EVRP is a variant of 
the classical Vehicle Routing Problem (VRP), but includes 
more constraints due to extra features specific to electric 
vehicles. Electric vehicles have a restricted driving range, 
need extra time to recharge, and their energy consumption 
is affected by various factors. All these factors make solving 
EVRP more difficult than the classical VRP. Solving EVRP 
has also become more and more important due to growing 
environmental and regulatory demands. To find a reliable 
and effective solution requires first of all a comprehensive 
understanding of the existing literature.

Systematic literature reviews typically involve several 
structured steps to ensure a thorough analysis of existing 
literature. These include:

Step 1:	Running a keyword search in relevant academic 
databases.

Step 2:	Exporting the bibliographic details of articles 
listed in the search results.

Step 3:	Screening the title and abstracts of the articles to 
determine their relevance based on predetermined 
inclusion/exclusion criteria.

Step 4:	Investigating the full text of the selected articles to 
systematically classify them, summarizing existing 
knowledge and identifying research gaps.

The focus of this study is Step 3, namely the screening 
of titles and abstracts, which is a critical and time-intensive 
phase in systematic literature review studies. The research 
question is as follows:
	 Can an LLM effectively identify the articles that should 

be included in a systematic literature review by examin-
ing the titles and abstracts exported from an academic 
database?

The aim of this study is to evaluate whether GPT-3.5 can 
be used effectively in the systematic literature review pro-
cess, particularly in the Electric Vehicle Routing Problem 
(EVRP). Accordingly, the study is guided by the following 
objectives:
•	 Assess the ability of GPT-3.5 to identify relevant articles 

using predefined inclusion and exclusion criteria.
•	 Compare the performance of GPT-3.5 with a human 

reviewer in terms of accuracy, precision, and recall.
•	 Evaluate whether GPT-3.5 can reduce the time required 

for article screening while maintaining effective 
performance.

MATERIALS AND METHODS

Figure 1 shows how GPT-3.5 is integrated into the sys-
tematic literature review process. To test can an LLM handle 
a systematic literature review, we collected a set of EVRP-
related publications from the ProQuest academic database 
using the keyword string given below. The keyword string 
was kept deliberately broad so as not to miss any relevant 
EVRP papers.

noft((((“electric* vehicle*” OR ev OR evs OR “green vehi-
cle*” OR pollution OR “environmentally friendly vehi-
cle*” OR “energy vehicle*” OR “recharging vehicle*” 
OR “alternative fuel vehicle*”) AND routing AND 
problem*) OR (evr AND problem*) OR evrp OR 
“green VRP” OR gvrp OR “electric* travel salesman 
problem*”) AND “electric* vehic*”) 

The dataset exported from ProQuest comprises bib-
liographic information, including titles and abstracts of the 
articles published from 2011 until May 2023. After duplica-
tions were eliminated, 115 articles remained, all in English 
except for one in Turkish and one in Spanish. Three of the 
articles were missing abstracts. Manual efforts were under-
taken to locate and complete the missing abstracts via other 
academic databases, ensuring that all 115 articles had both 
title and abstract information.

In the second step, upon quickly scanning through the 
titles and abstracts and considering the research objec-
tives of the upcoming literature review study, inclusion 
and exclusion criteria listed in Table 1 were established to 
determine which articles should be selected as the studies 
focused on EVRP. 

With the inclusion and exclusion criteria established, 
a PhD Student with prior experience studying EVRP was 
engaged to identify the relevant articles according to the 
inclusion and exclusion criteria by investigating their titles 
and abstracts in the extracted list obtained from ProQuest. 
The PhD Student was unaware that the results would be 
compared with any other result and made the selections 
with the understanding that the chosen articles would play 
a direct role in the forthcoming literature review study. The 
student was advised to complete the task immediately, but 
without setting an explicit deadline.
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Table 1. Predetermined criteria to identify the articles

Inclusion Criteria Exclusion Criteria
Electric bus and trucks
Electric vehicle transportation
Logistics and transportation

Powertrains
Electric transportation
Internet of Electric Vehicles (IoEV)
Smart grid and Internet of Things (IoT) technologies
Hybrid and combustion engine vehicles
Charging infrastructure planning
Ride-pooling and micro-transit
Personal electric vehicles
Single long trips
Infrastructure systems and placement
Recommendations to drivers and decision-making
Equipment location
Location routing
Inventory routing
Delivery routing
Fixed route networks
Diesel vehicles
Transportation policy decision

Figure 1. Methodology flowchart.
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Simultaneously, the inclusion and exclusion criteria 
were transformed into the prompt below to feed into the 
LLM:

query_string= “I am a researcher studying electric vehicle 
routing problem. I need to know if electric 
vehicle routing problem is studied in this 
article or not.

Details about my query are below:
•	 I assume powertrains are not electric 

vehicles but electric bus and trucks are. 
•	 I am interested in electric vehicle transpor-

tation but not in electric transportation.
•	 I am interested in logistics and transpor-

tation but not interested in
-	 Internet of Electric Vehicles (IoEV),
-	 smart grid and Internet of Things 

(IoT) technologies, 
-	 hybrid and combustion engine 

vehicles,
-	 charging infrastructure planning, 
-	 ridepooling and microtransit,
-	 personal electric vehicles, 
-	 single long trips,
-	 infrastructure systems and placement, 
-	 recommendations to drivers, decision 

making, 
-	 equipment location, location routing, 
-	 inventory routing, delivery routing, 
-	 fixed-route networks, diesel vehicles, 
-	 and transportation policy decision.

Give me an answer of yes or no.”
Before feeding the dataset of articles and the prompt 

into the LLM, a data preparation phase was conducted. 
During this phase, the titles and abstracts of each paper 
were collected from the exported file, combined into a sin-
gle cell, and saved as separate text files. Titles and abstracts 
in Turkish and Spanish were translated into English to 
ensure uniformity in the dataset.

Then, the Python LangChain Library [14] was employed 
to load each text file and to create a question-answering 
chain. The text-davinci-003 model, one of the LLMs under 
GPT-3.5 series, was utilized in the question-answering 
chain via OpenAI API. The text files fed into the model 
adhered to the constraint of its 4096-token limit, with 
each file either falling well below or precisely within this 

boundary. As shown in Table 2, all parameters were kept 
at their default settings except for the temperature, which 
was set to zero. This adjustment aimed to minimize the 
variability in the output and increase the consistency in the 
results, as recommended in the official OpenAI documen-
tation [15].

The question-answering chain takes the prompt and 
one of the saved text files, which has the title and abstract 
of one article, as inputs. Then, it yields an output of “yes” or 
“no” for the text file since the engineered prompt forces the 
model to provide a binary response.

RESULTS AND DISCUSSION

The PhD student completed the task over three working 
days, dedicating approximately five hours per day. On the 
other hand, the response time of the model was an average 
of 1.5 seconds with a standard deviation of 0.40 per article, 
so the LLM finished the task in less than three minutes. The 
articles selected by each are listed in Appendix A. 

The number of articles selected by the PhD Student 
and LLM, as well as the ground truth values, are illustrated 
in the confusion matrices in Table 3 and Table 4 (see page 
9). In the context of this research, the term “ground truth” 
refers to the authentic and validated data that serve as the 
baseline for evaluating the results of the student and LLM. 
The ground truth values are determined by two Subject 
Matter Experts and demonstrate the absolute true number 
of the articles that should be identified as topic related and 
not topic related.

Table 3. PhD student results

PhD STUDENT

Topic Related Not Topic Related TOTAL
GROUND TRUTH Topic Related 14 5 19

Not Topic Related 13 83 96
TOTAL 27 88

Table 2. Model parameters

model_name=’text-davinci-003’
temperature=0.0
max_tokens=256
top_p=1
frequency_penalty=0
presence_penalty=0
n=1
best_of=1
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A confusion matrix is a very useful tabular representa-
tion for binary classification problems, with two possible 
classes: “positive” and “negative” (“topic related” and “not 
topic related” in current case). It allows researchers to 
observe true positives, true negatives, false positives, and 
false negatives to calculate various performance metrics 
such as accuracy, precision, and recall [16]. In this study, 
a true positive (TP) indicates an instance that is actually 
“topic related” and is correctly classified as “topic related.” 
Conversely, a true negative (TN) indicates an instance that 
is actually “not topic related” and is correctly classified as 
such. A false positive (FP) occurs when a “not topic related” 
instance is incorrectly classified as “topic related,” whereas 
a false negative (FN) occurs when a “topic related” instance 
is incorrectly classified as “not topic related.” As illustrated 
in Table 3, the confusion matrix for the PhD student yields 
TP = 14, FP = 13, TN = 83, and FN = 5, while Table 4 
shows that the LLM’s results are TP = 17, FP = 3, TN = 93, 
and FN = 2.

The performance metrics calculated for the PhD Student 
and LLM are illustrated in Table 5. Of these metrics, accu-
racy is the ratio of the total number of true positives and 
true negatives to the total number of articles (see Equation 
1) and gives the overall correctness of the prediction. In 
Table 5, accuracy shows how many of the 115 articles are 
truly identified as topic related and not topic related by the 
PhD Student or LLM.

	 	 (1)

Recall is the ratio of true positives to the total num-
ber of true positives and false negatives (see Equation 2). 
It measures how well the prediction identifies the positive 
instances out of all the actual positive instances. In Table 5, 
recall shows how many of the topic related articles are truly 
identified as such by the PhD Student and LLM.

	 	 (2)

Finally, precision is the ratio of true positives to the total 
number of true positives and false positives (see Equation 3) 
and measures how many of the instances predicted as pos-
itive are true positives. It indicates how well the prediction 
avoids making false positive predictions. In Table 5, precision 
shows how many of the articles identified as topic related by 
the PhD Student and LLM are actually topic related.

	 	 (3)

According to the metrics illustrated in Table 5, LLM 
has a strong potential to assist the literature review process, 
performing better at identifying the articles in the EVRP 
domain than the PhD Student. A comparison between the 
selections made by the text-davinci-003 model and those 
made manually by the Subject Matter Experts showed con-
siderable overlap, suggesting that the model was generally 
successful in identifying relevant literature.

Therefore, the results of this study provide evidence 
that an LLM can effectively identify the articles that should 
be included in a systematic literature review by examining 
the titles and abstracts exported from an academic database.

Screening titles and abstracts on similar topics is a 
tedious and demanding task, often requiring significant 
manual effort. Maintaining a consistent level of focus while 
evaluating the title and abstract of each article during a lit-
erature review study is significantly challenging for human 
researchers. Moreover, there is often a tendency to err on 
the side of including an article rather than excluding it 
when uncertainties arise, driven either by inadequately 
composed titles and abstracts or by lapses in concentration. 
An LLM can apply the same criteria consistently for each 
individual article, without the subjective biases inherent in 
human decision-making. Therefore, integrating LLMs into 
the article screening step helps reduce biases and support a 
more balanced and structured workflow.

The comparison between the PhD student and GPT-3.5 
highlights the efficiency and quality of integrating LLMs into 
the literature review process. Both the PhD student and GPT-
3.5 screened the same set of 115 articles based on predefined 
inclusion and exclusion criteria. The PhD student completed 
the task in approximately 24 hours over three working days, 
achieving an accuracy of 84%, recall of 74%, and precision of 

Table 4. LLM results

LLM

Topic Related Not Topic Related TOTAL
GROUND TRUTH Topic Related 17 2 19

Not Topic Related 3 93 96
TOTAL 20 95

Table 5. Performance metrics

PhD STUDENT LLM
Accuracy 84% 96%
Recall 74% 89%
Precision 52% 85%
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52%. GPT-3.5 completed the same task in under three min-
utes with an accuracy of 96%, recall of 89%, and precision 
of 85%. These results show that GPT-3.5 reduces the time 
required for screening articles while at the same time achiev-
ing higher accuracy and better recall and precision.

The findings of this study demonstrate the capability 
of GPT-3.5 to substantially enhance the systematic liter-
ature review process in academic research. These results 
also highlight significant potential for engineering and 
industrial applications. In those applications where staying 
updated with the latest research is critical for innovation 
and problem-solving (e.g., transportation and logistics, 
renewable energy, robotics, manufacturing, materials sci-
ence, etc.), engineers and industrial researchers can lever-
age LLMs in systematic literature reviews to streamline their 
research process and minimize manual effort. For instance, 
in the logistics and transportation sectors, the ability to 
rapidly identify relevant studies on electric vehicle routing 
can streamline fleet optimization strategies and support the 
adoption of sustainable transportation solutions. Similarly, 
in renewable energy systems engineering, this approach 
can accelerate the assessment of emerging technologies, 
enabling faster innovation and decision-making.

While GPT-3.5 demonstrated significant advantages in 
screening articles, the results of a traditional search were 
further examined by incorporating the inclusion and exclu-
sion criteria (see Table 1) into the initial keyword string. 
For this purpose, a second keyword string shown below was 
prepared and a new search was conducted in the ProQuest 
database. This second query inexplicably yielded almost the 
same list of articles as the initial search. This result demon-
strates that attempting a secondary query using Boolean 
operators to apply inclusion and exclusion criteria are not 
effective. These findings further underscore the value of 
LLMs in systematically and accurately applying inclusion 
and exclusion criteria during the article screening process. 

noft((((“electric* vehicle*” OR “electric* truck*” OR “elec-
tric* bus*” OR ev OR evs OR “green vehicle*” OR 
pollution OR “environmentally friendly vehicle*” OR 
“energy vehicle*” OR “recharging vehicle*” OR “alter-
native fuel vehicle*”) AND routing AND problem*) 
OR (evr AND problem*) OR evrp OR “green VRP” 
OR gvrp OR “electric* travel salesman problem*”) 
AND “electric* vehic*” NOT (powertrains AND “elec-
tric* transportation” AND “internet of electric vehi-
cles” AND “smart grid” AND “Internet of Things” 
AND “hybrid vehicle*” AND “combustion engine” 
AND “charging infrastructure” AND ridepooling 
AND microtransit AND “personal electric vehicle*” 
AND “single trip” AND “infrastructure system*” AND 
“infrastructure placement” AND “recommendation* 
to driver*” AND “decision making” AND “equipment 
location” AND “location routing” AND “inventory 
routing” AND “delivery routing” AND “fixed-route 
network*” AND “diesel vehicle*” AND “transporta-
tion policy”))

Challenges and Limitations
As the LLM for this study, GPT-3.5 was selected because 

it was affordable and widely accessible when the research 
was carried out. GPT-4 could potentially deliver better 
results thanks to its additional capabilities, but its associ-
ated costs were prohibitive for this research. It would be 
worth testing GPT-4 in future studies to see its potential to 
conduct systematic literature reviews.

On the methodological side, a zero-shot learning 
setup was adopted to evaluate the article screening capa-
bilities of the LLM without additional training and vali-
dation procedure. The GPT-3.5 model, being a pretrained 
model, was used directly without additional fine-tuning or 
domain-specific training. Only prompt engineering was 
used to steer the behavior of the model and to keep its out-
puts relevant and consistent. Few-shot learning or fine-tun-
ing on domain-specific data could, in principle, increase 
accuracy by giving the model tailored training or additional 
example; however, the main goal of this study was to assess 
what a pretrained LLM can do on its own. Whether few-
shot learning or fine-tuning can improve the performance 
is a question for follow-up research.

Although this study encountered few practical chal-
lenges, there are still potential limitations to using LLMs 
in systematic literature reviews. One limitation is the reli-
ance on prompt engineering to guide the model’s behavior. 
While no major problems arose in this study, working with 
less structured datasets or in unfamiliar domains could lead 
to greater variability in the outputs. The scalability of LLM-
based methods also remains an open question, since the 
token limits constrain the volume of the text processed in 
a single query. It is also worth noting that this study dealt 
mainly with English-language abstracts. Applying the same 
approach to multilingual collections could introduce trans-
lation-related biases that would need careful attention in 
future work.

Due to time and resource constraints, this study was 
conducted with a dataset of 115 articles from a single aca-
demic database. Expanding the dataset to include articles 
from additional databases such as SCOPUS and Web of 
Science could make the findings more robust and reliable. 
On the human side, only one student carried out manual 
evaluation. While this still produced valuable insights, it 
does limit the generalization of the findings. Having several 
reviewers perform the same task in future studies would 
allow for a fairer comparison and stronger evidence.

Finally, the expertise of the human reviewer greatly 
influences performance. As a reviewer’s domain knowl-
edge increases, human-level performance most probably 
improves, which could narrow the gap in accuracy, recall, 
and precision metrics. However, even in such a scenario, 
the LLM completes the task in less time, highlighting its 
efficiency and potential to expedite the systematic literature 
review process.
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CONCLUSION

To the best of the authors’ knowledge, this study is the 
first to integrate GPT-3.5 into systematic literature reviews, 
using tailored input and context-specific data to enhance 
outcomes, and to examine how large language models can 
be incorporated into academic review workflows. Using the 
Electric Vehicle Routing Problem as a representative case, 
this research investigates the use of large language models 
to screen article titles and abstracts for identifying relevant 
articles, thereby enhancing the efficiency and accuracy of 
the systematic literature review process.

The findings show that GPT-3.5 outperformed the 
human reviewer in terms of accuracy (96% vs. 84%), recall 
(89% vs. 74%), and precision (85% vs. 52%) while com-
pleting the task in under three minutes compared to three 
working days. According to these results, large language 
models can reduce the time and the manual effort needed 
for systematic literature reviews, without reducing the qual-
ity of the screening process, and in some cases improving 
it. GPT-3.5 performed noticeably better when it was given 
relevant data alongside carefully crafted prompts, which 
points to the importance of matching the model to the 
specific context of the task. This suggests that adapting the 
model to the context of the task can substantially improve 
performance compared with the default setup. Future work 
along these lines would help clarify just how far large lan-
guage models can go in supporting literature reviews.

The success of this approach suggests that large language 
models can serve as a useful alternative to conventional 
manual methods for literature review workflows. The dataset 
used here was relatively small, yet the findings remain mean-
ingful and clearly illustrate what large language models can 
do. They also lay a solid foundation for larger-scale studies 
and for branching out into fields beyond the Electric Vehicle 
Routing Problem. Researchers in healthcare, environmental 
science, logistics, and other areas where the volume of pub-
lished work is expanding rapidly may benefit from a simi-
lar methodology. Moreover, because large language models 
apply inclusion and exclusion criteria the same way every 
time, they help reduce bias and strengthen reproducibility, 
both of which are central to sound scientific work.

Building on the results obtained with GPT-3.5, this 
study also provides a basis for future research on integrat-
ing large language models more extensively into systematic 
review workflows, including the direct querying of aca-
demic databases. Further progress in this area could make 
tasks like data retrieval and initial screening easier to han-
dle and open the door to automating more of the process, 
leading to faster, more scalable, and more reproducible lit-
erature reviews.
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EVRP	 Electric Vehicle Routing Problem
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APPENDIX A. List of the Examined Studies

PhD Student LLM Ground Truth
Abousleiman [17] 1 0 0
Adler [18] 1 0 0
Agárdi et al. [19] 0 0 0
Ahkamiraad [20] 0 0 0
Alpos et al. [21] 0 0 0
Amini & Karabasoglu [22] 0 0 0
Ammous [23] 0 0 0
Arani et al. [24] 1 0 0
Arnau et al. [25] 0 0 0
Awasthi, A. [26] 0 0 0
Barco et al. [27] 1 0 0
Basso [28] 1 0 1
Blum et al. [29] 0 0 0
Bogyrbayeva [30] 0 0 0
Booth [31] 0 0 0
Bragin et al. [32] 1 1 1
Bruchon [33] 0 0 0
Bruglieri et al. [34] 1 1 1
Burkacky et al. [35] 0 0 0
Caban et al. [36] 0 0 0
Çimen & Belbağ [37] 1 1 1
Cubides et al. [38] 0 1 1
da Costa [39] 0 0 0
Davatgari et al. [40] 0 0 0
Dedeoglu [41] 0 0 0
Ding [42] 0 1 1
Fang [43] 0 0 0
Fazeli [44] 1 0 0
Fazeli et al. [45] 1 1 1
Fernández Gil et al. [46] 0 0 0
Filipovska [47] 0 0 0
Furneaux [48] 0 0 0
Gebbran et al. [49] 1 1 1
Goodrich & Pszona [50] 0 1 1
H. Chen et al. [51] 0 0 0
H. Zhang [52] 0 0 0
Haider [53] 0 0 0
Hong et al. [54] 0 0 0
Houshmand [55] 0 0 0
Huang et al. [56] 0 0 0
Hussain [57] 0 0 0
J. Gao et al. [58] 0 0 0
J. Liu [59] 0 0 0
J. Zhang et al. [60] 0 0 0
Jeong et al. [61] 1 0 1
Jiang et al. [62] 0 0 0
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APPENDIX A. List of the Examined Studies

PhD Student LLM Ground Truth
Ju et al. [63] 0 0 0
Jung [64] 0 0 0
Karamete & Glaser [65] 1 0 0
Khayati [66] 0 0 0
Kim [67] 1 0 0
Kosmanos et al. [68] 1 0 0
L. Chen et al. [69] 0 0 0
L. Li [70] 0 0 0
L. Wang et al. [71] 0 0 0
Lam & Li [72] 0 0 0
Lian et al. [73] 1 0 0
Liang et al. [74] 1 1 1
M. A. Rahman et al. [75] 0 0 0
M. Alqahtani & Hu [76] 0 0 0
Ma [77] 0 0 0
Maghfiroh et al. [78] 0 0 0
Maglaras et al. [79] 0 0 0
Matin Moghaddam [80] 1 1 1
Meenaakshi Sundhari et al. [81] 0 0 0
Min [82] 0 0 0
Moradipari [83] 0 0 0
Movahed Nejad [84] 0 0 0
Muthu [85] 0 0 0
Narayanan et al. [86] 1 1 1
Ni [87] 0 0 0
Normasari et al. [88] 0 0 0
Nosrati & Arshadi Khamseh [89] 0 0 0
Nyotta [90] 0 0 0
Oliveira et al. [91] 0 0 0
P. Zhou [92] 0 0 0
Paparella et al. [93] 0 0 0
Q. Li [94] 0 0 0
Qiu & Du [95] 1 1 0
Quilliot et al. [96] 0 0 0
Quintero et al. [97] 0 1 1
Raeesi [98] 0 0 0
Rajan [99] 1 0 0
Rajesh et al. [100] 0 1 0
Rodríguez-Esparza et al. [101] 1 1 1
Roselli [102] 1 0 0
S. Wang [103] 1 1 1
Schneider et al. [104] 1 1 1
Sciomachen & Truvolo [105] 0 0 0
Shao [106] 0 0 0
Shi [107] 0 0 0
Socarrás Bertiz et al. [108] 0 0 0



Sigma J Eng Nat Sci, Vol. 44, No. 3, pp. 2233−2248, June, 20262248

APPENDIX A. List of the Examined Studies

PhD Student LLM Ground Truth
Sohet et al. [109] 0 0 0
Song [110] 0 0 0
Swaminathan & Rajagopalan [111] 0 0 0
Sweda [112] 0 0 0
T. Wang [113] 0 0 0
Tang et al. [114] 0 0 0
Tookanlou [115] 0 1 1
Tou [116] 0 0 0
Tu [117] 0 0 0
Umeda [118] 0 0 0
Unno & Mizuno [119] 0 0 0
V. F. Yu et al. [120] 1 0 0
W. Zhou [121] 1 1 1
X. Liu [122] 0 0 0
Y. D. Wang et al. [123] 0 0 0
Y. Li et al. [124] 0 0 0
Yao et al. [125] 0 0 0
Yi [126] 0 0 0
Yuan et al. [127] 0 0 0
Z. Gao & Ye [128] 0 0 0
Z. Li [129] 0 1 0
Zalesak [130] 0 0 0
Zhao et al. [131] 0 0 0


