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Abstract: Artificial intelligence (AI) has become widely accessible and can support a wide range of use cases such as personalized
recommendations. Our study investigates the capabilities of a pre-trained large language model for generating personalized travel
destination recommendations. Based on a design science research approach, we evaluate the usability and effectiveness of suggestions.
In particular, we explore how additional task-specific or user-specific input can enhance the response effectiveness. User preferences
gathered from a survey are used for computational experiments. The results are presented in a second survey, and the participants’
feedback is collected to assess the perceived quality of personalized recommendations. This feedback demonstrates that the model
recommendations are positively evaluated with regard to user satisfaction, preference consideration, and timesaving. Yet, the participants
also see potential for more detailed and specific recommendations, along with enhanced granularity for the budget breakdown and
better transparency through shared sources. We also identify limitations, such as the availability and quality of gathered data, leading
to potentially inadequate recommendations, as well as subjective evaluation measures requiring larger and more diverse sample data to
confirm the generalizability of the approach. The findings indicate the potential benefits of personalized Al recommendations in the

travel industry and suggest areas for improvement.
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1. Introduction

Artificial intelligence (AI) has achieved unprecedented influ-
ence with its latest developments and media coverage. With the
arrival of new, advanced, and easily accessible Al tools such
as large language models (LLMs), it can be argued that there
is an excess of sophisticated use cases and research areas [1-4].
These tools may improve the efficiency of human activities, pro-
vide humans with new ideas, and help unleash more creativity.
However, various practical and ethical issues that need to be
addressed such as generated content that is inaccurate, inap-
propriate, or biased [5, 6]. Moreover, not all approaches can
be realized easily as they may require further development of
use case-specific solutions. However, in various cases, pre-trained
transformer networks, such as ChatGPT [7], do not require fur-
ther time-consuming training efforts but can provide beneficial
results based on additional text input by the user.

Considering this, the purpose of our study is to explore a use
case for additional input regarding recommendation requirements
for ChatGPT as a pre-trained transformer network. With the help
of experiments, the goal is to verify whether such approaches
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equipped with additional personalized information are better in
mundane decision-making tasks compared to the bare usage of
the pre-trained model.

1.1. Problem statement

In recent months, LLMs such as ChatGPT have been the
center of discussion in politics, social media, entertainment, and
dinner tables of ordinary households. Reuters reported that in
January 2023, over 100 million people actively engaged with the
service a mere two months after its November 2022 release to
the public, which sets an unprecedented number of users in the
history of consumer applications [8]. Despite it being a widely
used tool, it is still unclear how much mundane human decision-
making can benefit from it. Such tasks can be the decision of
what to cook for lunch, which movie to pick on movie night,
where to go out for dinner, and which music to listen to on a road
trip. In addition to such low-cost decisions, grander but still com-
mon decisions like where to go for a weekend trip with friends
also consume significant time for planning and preparation. What
if Al could reduce this time drastically by offering an easy-to-
use solution, for example, by presenting a few distinct ideas or
concrete proposals? According to Dwivedi et al. [9], there is, for
instance, potential in the tourism industry because travelers may
require extensive information from different sources to evaluate
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services and to create meaningful itineraries. Recently, they have
relied on search engines and had to consult multiple websites to
gather such information. Specifically, LLMs such as ChatGPT
could enable tourists to easily obtain comprehensive answers by
combining various resources. It may provide quick and accurate
information in natural language, helping them plan and enhance
their travel experiences.

1.2. Thesis statement and research questions

This research paper aims to investigate the usability of large
pre-trained transformer networks by testing the following the-
sis statement: “Additional input of task-specific or user-specific
texts will enhance the adaptability and effectiveness of LLMs
for personalized travel destination recommendation generation.”
Adaptability in this sense means that the model with user- or task-
specific input is expected to significantly improve the quality of
recommendations.

Despite the success of pre-trained transformer networks in
natural language processing, there is still a need to investigate
their potential for personalized recommendations, as illustrated
before. While pre-trained models can be readily accessible, addi-
tional input of task-specific or user-specific texts is necessary to
adapt them to individual purposes. Thus, the research aims to
explore the possibilities of using pre-trained transformer networks
for generating personalized travel destination recommendations.
For our study, we will focus on ChatGPT as a tool as it appears
to be the most well-known and frequently used model by private
users although other models have become competitive. Thus, we
assume that results similar to those obtained with ChatGPT could
be achieved with other LLMs as well.

The effectiveness of additional input for the pre-trained mod-
els in order to receive suitable travel recommendations shall be
evaluated through computational experiments, with a focus on
assessing the quality of personalized recommendations.

Ultimately, the study seeks to contribute to an adaptable
and effective application of natural language processing mod-
els that can be used by everyone, regardless of their expertise
in information systems, for personalized recommendations and
complex decision-making (no code experience). In the context of
this work, adaptability refers to using a pre-defined model, con-
nected to a user’s preferences and personal information, to enable
an enhanced personalization of the output.

The following research questions are proposed to validate
the thesis statement. The research is anticipated to contribute
to the development of personalized recommendation systems
using pre-trained transformer-based models. Our study evaluates
the effectiveness of using ChatGPT for personalized recommen-
dations of travel destinations and provides insights into the
performance. However, we assume that results could be gener-
alized for other LLMs as well. The research also demonstrates
the importance of additional task-specific or user-specific input
for adapting pre-trained transformer-based models to individual
purposes.

The main research question to explore and evaluate the the-
sis statement is: “How can additional input of task-specific or
user-specific texts improve the adaptability and effectiveness of
pre-trained models for generating personalized travel destination
recommendations?”

This question is divided into sub-research questions to guide
the research phases. We follow a design science research (DSR)
approach, which comprises the phases awareness, suggestion,
implementation, evaluation, and conclusion. However, the DSR
phases are not followed in the traditional manner due to the
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strong emphasis on experimentation and evaluation versus cre-
ating an artifact. The awareness phase mainly considers the
investigation of related literature and the identification of research
gaps and addresses no specific research question. The same holds
for the suggestion phase and the conclusions phase, which include
a discussion of potential practical applications and limitations.
The considered research questions are as follows:

1) Development/experimentation phase

RQ1: How do the manual inputs and prompts of the user
need to be engineered to generate effective, suitable, and desir-
able travel destinations? Concretely, how to design standardized
prompts to increase the quality of the responses?

RQ2: Can LLMs be used to design a customizable recom-
mendation system, where input and prompts are standardized
and fine-tuned such that the user does not need to test sev-
eral approaches but simply fills in the required data for valid
proposals?

2) Evaluation phase

RQ3: Which evaluation method and metrics shall be used to
assess a satisfactory result?

RQ4: How well does ChatGPT learn individual prefer-
ences from case-by-case manual input? How do the experiment
participants perceive the generated recommendations?

2. Literature Review

In the following, we illustrate specific findings in the field of
the research problem and demonstrate the identified gap for this
study.

Zhang and Chen [10] discuss the ongoing efforts to gen-
erate natural language explanations, primarily training sentence
generation models using user reviews to generate “review-like”
explanations. However, it is claimed that generating natural lan-
guage explanations is still in its infancy, requiring further work
to enable machines to provide them. Therefore, language mod-
els need to be adapted to generate personalized explanations that
require external information. Duan et al. [11] note that while
most LLMs excel in handling semantic problems, they exhibit
limitations in inferential tasks. Hence, they suggest increasing
the amount of pre-training data to enhance model performance.
Li et al. [12] additionally emphasize that natural language gen-
eration tasks, such as explainable recommendation and review
generation, require the use of user and item IDs to distinguish
each of them from the other. The item IDs serve to specify each
user’s preferences “(...) about different item features (e.g., style
vs quality), and different items may have different characteristics
(e.g., fashionable vs comfortable).” These IDs capture individ-
ual preferences and item characteristics, crucial for personalized
recommendations. Standard transformer models face challenges
in handling personalized natural language generation due to the
semantic distinction between IDs and words. To address this, Li
et al. [12] propose a modified transformer attention mechanism
that offers a simple and efficient approach for personalized gener-
ation, leveraging the transformer’s language modeling capability
for generating explanations in recommender systems. For further
research, they note that there are numerous applications for per-
sonalized generation, many of which are yet to be fully explored
with these models.

The usage of an LLM in a scenario of retrieval-augmented
generation (RAG) is explored in Reference [13], where the
approach focuses on sustainability evaluation and utilizes specific
travel information from documents. In Reference [14], a solution
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(called TravelAgent) is suggested involving an LLM-based front
end and including specific planning functionalities using a database
besides recommendation aspects. Singh et al. [15] suggested a tool
called TravelPlanner+ to consider user-related information, pref-
erences, and personal concepts in travel planning, making use of
an LLM. Using an LLM also for judging the obtained recommen-
dation, they conclude that personal plans show clear improvement
in relevance and suitability, with preference rates up to 74.4% on
validation and 87.3% on the test set in comparison to generic
plans. Aribas and Daglarli [16] investigated the possibilities of
integrating personality models with travel recommendations in an
LLM-based framework to enrich the understanding of user pref-
erences and behavior. Using an RAG approach, they achieved
promising results for user satisfaction, system accuracy, and the
performance rate for different personality traits by using their
personalized travel recommendation system.

In Reference [17], a multi-agent-based solution is suggested
for providing day-by-day itineraries based on the budget, interests,
and travel styles of users. Another recent approach for recom-
mending personalized, context-aware city tourist itineraries, called
GPT-TP, is suggested in Reference [18]. In another study by
Andreev et al. [19], the problem of biases in LLM-generated travel
recommendations is investigated.

Based on the previous explanation [12], it is apparent that
there are still further applications available for research to explore
personalized recommender systems. In particular, further insights
into the alignment of recommendations with user preferences
should be addressed by respective studies. In addition, the specific
information to be provided for personalized recommendations is
not sufficiently discussed in previous studies. Our study addresses
the suitability of a transformer model, namely, ChatGPT, for
deriving personalized travel recommendations with a focus on
evaluating their perceived performance.

3. Research Design

Our study is conducted with a mixed-method approach.
The guiding methodology is DSR for suggesting an artifact (an
existing LLM with use case-specific prompting) for solving a prac-
tical problem. The hypothetical-deductive method [20] is followed,
where one starts with the existing knowledge, identifies a prob-
lem and/or a gap, and creates, in this case, a hypothesis, which is
tested subsequently. Recommendations are evaluated in the test-
ing phase with participant feedback. Thereby, the typical DSR
phases have been followed according to Hevner and Chatterjee
[21]. The specific application in our study is illustrated in Table 1
based on the DSR framework in [22]. Let us note that there are
other concepts and variations of DSR phases [22].

The research was then conducted via the following steps:

1) Review the existing knowledge.

2) Identify a real-world problem and find its gap in the existing
body of knowledge.

3) Create (in this case) a hypothesis and test the hypothesis.

After identification of the stated problem, it is scoped via
the problem statement. The problem awareness phase is met with
the literature review. The problem is broken down into research
questions that shall help to test the hypothesis of the thesis
statement.

The hypothesis is tested with experiments. First of all, an
artifact is needed in the sense of how to use ChatGPT as a support
for mundane decision-making for regular persons. In our case,
this requires a suitable prompt design. The experiments are then
conducted iteratively and refined throughout an experiment cycle.
With the information learned and gained through the experiments,
an artifact will be further developed.

This study combines experimental, survey, quantitative,
and qualitative research techniques to evaluate the effectiveness
of personalizing pre-trained models for travel recommendation
generation.

The specific artifact to test the hypothesis is intended to
include the following:

1) Prompt engineering to determine a well-suited prompt and
data input for satisfying recommendation generation by Chat-
GPT. This is done with iterative experiments to find the
right input and sequence. According to Short and Short [23]:
“Prompt engineering, or ‘prompting’ for short, refers to the
process by which a user can fine-tune their inputs to achieve a
desired output, often incorporating task descriptions to further
guide a specific model. Thus, at its core, prompt engineering
is about “how to talk to Al to get it to do what you want.”

2) Design a standardized template for data collection as manual
input for ChatGPT to learn how to create personalized travel
destination recommendations.

3) Data collection for manual input is done via the standardized
survey tool MS Forms.

4) Scale up experiments to n = 1015 users. Use the data gathered
by the survey from the experiment participants and feed it as
prompts and inputs to ChatGPT. This is done manually by us.

5) For evaluation, a 5-point Likert scale is chosen. According
to Robinson [24], it is a scientifically accepted and validated
method to measure human attitude. The original Likert scale
foresees a list of statements, called items, to be studied. The
participants are asked to indicate for each item their level of
agreement on a metric scale. Dawes [25] states that a 10-point

Table 1
Design science research framework

DSR phases

Application in this research paper

1. Awareness of problem
2. Suggestion
3. Development

Use ChatGPT with prompt engineering to get personalized recommendations
Consult state-of-the-art literature to identify research gaps in recommender systems

Gather data via a survey for personal travel preferences and develop prompts with experiments

to get responses. Based on the data, develop and conduct a second survey to gather feedback
from respondents on personalized recommendations

4. Evaluation Evaluation of survey results

5. Conclusion

Discussion of the results, answering the research questions and conclusion, including limitations,

and potential for further research
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scale produces marginally lower relative means compared to
a 5- or 7-point scale. However, regarding other characteris-
tics, “(...) no scale format produced data with markedly lower
variances about the mean.” In addition, the scale should be
driven by the applicability of the topic concerned. So, the
respondents’ understanding and the expertise of the response
item creators are relevant. Given the limitations with regard
to both aspects in the context of this paper, a 5-point scale is
therefore regarded as the best option.

6) Evaluate results via the chosen metric. Also, qualitative
feedback from experiment participants is considered.

As specific methodological limitations and risks of our study,
we should note that the research focus is to interact with ChatGPT
like an ordinary user. Thus, the same interface as publicly available
is used, which is https://chat.openai.com. In case the model behind
the chat changes during the experimentation period, this might
affect research and experiments.

4. Experiments and Results

This section describes the actual experiments, the consider-
ations taken, and the steps performed to reach the evaluation
stage. The experiments are split into two phases, each with its own
activities. The process of experimentation can be separated into
different categories according to Table 2.

Table 2
Own experimentation process categories
Category Description
Ideation Brainstorming, experiments to find a
suitable approach
Preparation Any step that leads toward experimentation
or evaluation
Execution Executing experiments with the support of
ChatGPT and collected data
Evaluation Studying collected feedback data
Conclusion Insights, learning, and conclusions from

feedback

The experiments are conducted as outlined in the overviews
as illustrated in Tables 3 and 4. The following sections explain how
they are conducted in detail.

4.1. Creation of personalized travel recommendations
by ChatGPT

As part of this stage of the experimentation, several key steps
were identified, which are outlined in the following subsections.

4.1.1. Naive experiments with prompt engineering

We individually explored ChatGPT and conducted experi-
ments to understand how the tool reacts to the input given in the
context of generating personalized travel recommendations. The
experiments included back-and-forth conversations, where with
each exchange more preferences and information were shared, and
ChatGPT further tailored its response to increase the personal-
ization. By “chatting” with ChatGPT, relevant information could
be gained to prepare the data collection and prompt engineering.
Some of these insights include:
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Table 3
Experimentation steps part one
Step Description
1. Ideation Naive experiments with prompt

engineering
2. Preparation Design a survey to collect data

3. Preparation Recruit experiment participants

4. Preparation Collect participants’ personal and

preference information

5. Preparation Edit and clean data

6. Execution Create individual prompts for each
participant
7. Execution Generate personalized ChatGPT travel

recommendations for each participant

8. Preparation Prepare personalized prompt and
recommendation files for each

participant

Table 4
Experimentation steps part two

Step Description

Determine the evaluation metric to assess
the experiment

9. Preparation

10. Preparation Second survey for evaluation

11. Preparation Survey evaluation by experiment
participants

12. Evaluation Analyze collected data and evaluate it

13. Conclusion Draw conclusions

1) The relevant attributes that need to be collected with the survey
from the participants and that should be part of the prompts.

2) An understanding of some of the assumptions ChatGPT
autonomously takes, like budgets given to be consumed by the
whole party of travelers, for example, when prompting to cre-
ate a recommendation for a couple. The budget input is then
assumed to cover the costs of the two traveling persons. Gen-
der is probably not a relevant input unless someone would
like to travel to a country where one gender is not at lib-
erty to travel by itself. Furthermore, to avoid gender bias, this
attribute was not considered further.

If concrete parameters are sought, concrete prompt engi-
neering must be used. Prompt engineering in this context is
understood as:

1) Giving ChatGPT a persona to act as, like “You are a
travel agent, responsible for proposing a personalized travel
destination recommendation.”

2) Provide clear input about expectations. For instance, if one
only starts with the persona, ChatGPT will show a list of
questions, which is not the most effective approach. Instead,
anticipating the input needed will speed up the conversation.

3) Clear input is also needed to achieve the details and parameters
wished for. In this context, parameters refer to details such as
the number of destinations to be recommended.

4) The output varies in detail and description style with just
minor differences in inputs. Especially if one wants to make
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sure that an input was considered, it is suggested to prompt
getting proof for it in the response and in what detail.
An example of this is the budget. Not asking about it will not
reveal any details on how it was considered. If a request for
a budget breakdown is included in the prompt, one will be
provided.

5) Recommendations are often but not always padded, with that
lively description of a location, like the following ChatGPT-
generated output: “Zanzibar is an island paradise with some of
the most beautiful beaches in the world. You can relax on the
white sand beaches, go snorkeling or diving in the crystal-clear
waters, or explore the island’s history and culture. Zanzibar is
also a great place to try local spices and seafood, and to experi-
ence the warm hospitality of the locals. You can find affordable
accommodations in guesthouses and homestays, which will
allow you to immerse yourself in the local culture.”

4.1.2. Survey for data collection

Based on the insights gained from the first experiments, a
survey was designed using Microsoft Forms as the tool to gather
data. The survey asked for 16 inputs including personal informa-
tion and preference information regarding travel activities. Some
of the information was not used for the experiments, but only to
identify the participants, to later get their feedback, like their full
name and e-mail address. Other input was collected to inquire
about personal preferences, like the number of travelers, start-
ing location, budget, number of travelers, age, preferred and not
preferred destinations, activities, scenery to include, and mode
of transportation preferred. The survey invitations were shared
within the private and professional ecosystem of the authors.

The survey link is shared via e-mail, and the participants are
given seven days to participate. The Excel file that is automatically
generated by Microsoft Forms is used for the continuation of the
research. The survey is closed on day eight, with 31 participants
sharing their input to conduct the experiments.

Figure 1 shows the age distribution; 45%, most of the partic-
ipants were in the age group 30-34, followed by 29% aged 25-29
and 19% aged 35-39. 61% of the participants were male and 39%
female.

Figure 2 shows the traveler type, where 30% plan to travel as
a couple, followed by 19% with their family, and solo and friends’
travelers with 13%. Figure 3 shows the chosen month for the travel
destination recommendation. The budget per trip is, on average,
3’306 CHF (see Table 5).

For further processing, some preparation (editing and clean-
ing) of the travel preference information of participants is

Figure 1
Age distribution survey
16
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4
2
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25-29 30-34 35-39 40-44

Figure 2
Survey of traveler types

Solo
13%

Family
19%

Couple
55%

Friends
13%

Figure 3
Survey of chosen travel periods
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25%

15%
10%
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%

January February ~March  June July  August September October
Table 5
Survey of budget preferences

Budget CHF

Average 3306

Min 600

Max 10000

Per day average 290

Per day min 71

Per day max 679

required. New attributes are created to be used in the experi-
ment. For example, only the first name is extracted to ensure that
no detailed personal data, like a full name, is fed as input to
ChatGPT.

The currency is extracted from the answer, but as the
exchange rate of the local currency CHF and USD was in the
range 1-1.3 during recent years, we considered the impact as small
enough to neglect it so that the attribute was dropped. Participants
who indicate traveling with children are flagged to personalize
their prompts clearly. Attributes without input are flagged with
“no data.”

All relevant inputs are labeled with an attribute number,
which supports the generation of individual prompts for each par-
ticipant, based on their dataset. The attribute is the data (answer)
collected from the participants via the survey. An overview of the
attributes, survey questions, answers, and data types, as well as a
sample set, is shown in Table 6.
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Table 6

Attributes for personalization and overview of inputs from the survey

Attributes for

personalization Attribute name Answer type Data type Sample dataset

Not used ID Auto generated Integer 1

Not used Name Full Open String Sarah Castratori

Attributel First Name Only Open String Sarah

Attribute2 E-mail Open String castratori@123.ch

Attribute3 Age (if you prefer not to say, Open Integer 39
skip this question)

Attribute4 Where will your journey start? Multiple-choice and open String Switzerland

(Switzerland, France,
Germany, other)

Attribute5 What kind of trip do you plan?  Multiple-choice (solo, String Solo

couple, friends, family)

Attribute6 Number of travelers Open Integer and string 1

(adult, children
info)

Attribute7 Children Y/N Inferred from Attribute 6 Integer n

Attribute8 Travel duration in days Open Integer 12

Attribute9 Travel budget Open Integer and string 2200

(currency)

not used Currency Inferred from Attribute 9 String CHF

Attributel 1 Travel period Multiple-choice (list of all String August

calendar months)

Attributel2 Destination preferences Multiple-choice (surprise String No

vs open (individual user
preference))

Attributel3 Do you want any particular Multiple-choice (none, String Nature, beach, urban
scenery to be part of your nature, beach, mountains, (at least partially
travel experience? urban, open/individual explore city life)

user preference)

Attribute14 Any specific activities? Multiple-choice (water- String Pandas

sport, nightlife, hiking,
open (individual user
preference))

Attributel5 If you plan to stay on your Multiple-choice (public String No data
continent of residency (likely transport, car, mixed
Europe), please indicate if mode, by foot/bicy-
you have any transport mode cle, no preference,
preferences to consider. open (individual user

preference))

Attributel6 Any previous travel desti- Open String No data
nations and experiences
you loved and want to be
considered as good expe-
riences for the generated
recommendation?

Attributel7 Destinations to avoid Open String No data

Attributel8 Anything else you want the Open String No data

travel recommendation to
consider?
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4.1.3. Prompt engineering

Based on the generated attributes that are aimed to be used as
additional input for personalization, a template for the prompts is
designed. The template uses natural language to express a prompt
the way a user would. In place of the personal information and
user preferences, the attribute is references. Where attributes are
optional, conditional statements are set so that the sentence is only
printed if data are available. This is illustrated in Figure 4.

For each participant, an individual prompt needs to be cre-
ated. Instead of writing the prompts manually, ChatGPT is used
for this task. It is given the prompt template, the datasets, flagged
with ID and Name, so they can be connected throughout the
experiments, as well as this general prompt to be considered for
all datasets (see Figure 5).

This generic prompt serves to ensure that exactly two rec-
ommendations are generated and that the budget is detailed.
With the sample dataset shown in Table 6 and the prompts
shown in Figures 4 and 5, ChatGPT created the following prompt
(Figure 6). To note, this dataset does not consist of the full array
of possible attributes, but for personal data protection reasons, it
is the chosen example.

The prompts were created for all 31 participants. Due to the
capabilities of the model, the datasets had to be fed in several
batches; all 31 at once would not have been feasible due to the
input size limitations of the used model. Some apparent memory
loss of ChatGPT had to be overcome by reminding the general
prompt instructions (Figure 5) as well. All prompts were generated
within a single chat, which reflects a typical private usage scenario
with potentially unrelated content entered into the LLM before.

4.2. Evaluation of experiments

To evaluate the experiments, it is considered important not
to simply check whether ChatGPT answered the question of the

individual prompt with all requested details. This was already
secured by thorough prompt engineering. It is considered relevant
that the experiment is evaluated by quantitative and qualitative
feedback from the participants themselves. Hence, the experi-
ment continues with part two, which is described in the following
sections.

4.2.1. Assessment of experimental results

As indicated before, we used a 5-point Likert scale for
the evaluation in most questions. Two questions offer multiple-
choice selection. In addition, the questions have an optional
text box to give additional qualitative feedback, which shall
help to understand the rating and give greater insights into the
participants’ perception and feelings about the experiment and
recommendations they receive.

4.2.2. Second survey for evaluation

The insights that are intended to be gained are categorized
into five dimensions, and the questions are designed accordingly
(see Table 7).

The list of questions and answer types is illustrated in
Table 8. It is a lengthy survey that bears the risk of survey fatigue
and dropouts. The risk is taken to secure gaining valuable insight
instead of shallow feedback. MS Forms was again chosen as the
tool.

Each participant received the Word file with their prompt,
their travel destination recommendation, and the link to the sur-
vey by e-mail. Seven days were granted to provide feedback.
A reminder was sent after 5 days. Seventeen participants pro-
vided their feedback, which ensured that our goal of 10-15 was
reached.

The details of the participation rates in the evaluation survey
are as follows: Out of 44 people who received the call to par-
ticipate in the experiment, 31 answered the survey, resulting in
a participation rate of 70.5%. Out of the 26 survey participants

Figure 4
Prompt template

Hey, I am "Attributel”, and I am "Attribute3" years old. Please create
personalized holiday destination recommendations based on my individual
input. I will depart from "Attributed4" as a "AttributeS5" Traveler.

[If Attribute8 exists: ]My trip should last "Attribute8" days.

[If Attribute9 exists: ]I want to spend a maximum of "AttributeS" CHF.

The trip should take place in the month of "Attributell", and the
destination should feature "Attributel2".

[If Attributel3 exists: ]I am interested in experiencing "Attributel3".

[If Attributeld4 exists: ]The following activities should be considered for

my trip: "Attributeld".

When it comes to travel mode, I would like to use "AttributelS5".

[If Attributelé exists: ]I'd like to share with you what I enjoyed during
previous trips, which was "Attributelé".

[If Attributel?7 exists: ]Please avoid the following places: "Attributel7".

[If Attributel8 exists: ]And also, please consider "Attributel8".

Thanks!

Figure 5
Generic add-on prompt for individual travel recommendations

For each of these ID's generate individual travel destination
recommendations. include at least two options for the travel destination.
for the budget be specific for how it is broken down. indicate the ID in
your answer. And always print the input given by me followed by your answer

together.
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Figure 6

Individual prompt example

ID 1 Sarah

Hey, I am Sarah, and I am 39 years old. Please create personalized holiday

destination recommendations based on my individual input.

Switzerland as a Solo Traveler.

My trip should last 12 days.
I want to spend a maximum of 2'200 CHF.

The trip should take place in the month of August,

I will depart from

and the destination should

feature Nature, Beach, and Urban |(at least partially explore city life).

I am interested in experiencing Pandas.

Thanks!
Table 7
Dimensions of feedback evaluation
Dimension  Question Answer type  Answer options
Name Participant’s name, to tie the feedback to their Open
recommendation
S How satisfied are you overall with the personalized Likert 1-5 5—Very satisfied, 4—Satisfied, 3—
recommendation? Neither satisfied nor dissatisfied,
2—Somewhat dissatisfied, 1—Very
dissatisfied
S Feel free to share feedback on why you are Open Free text
satisfied/dissatisfied with the recommendation
S How satisfied are you with the personalized
recommendation for the following aspects:
S Preferred destination? 5—Very satisfied, 4—Satisfied, 3—Neither
S Preferred scenery? Likert 1-5 satisfied nor dissatisfied, 2—Somewhat
S Desired activities? dissatisfied, 1—Very dissatisfied
S Preferred transport mode?
S How satisfied are you with the provided budget
breakdown for each destination?
S If you are not satisfied or just partially, feel free to Open Free text
share what would improve your satisfaction with the
budget insights provided.
T How much do you trust the recommendation(s)
regarding the following aspects:
T Consideration of personal preferences? ) 5—Strongly Frush 4—Tru§t, 3—Neither
T Authenticity and correctness? Likert 1-5 trust nor dlstr}lst, 2—Distrust,
1—Strongly distrust
T Budget adherence?
T What would further increase your trust in the Open Free text
recommendation?
PC Do you consider that the generated recommenda- Likert 1-5 S5—Strongly agree, 4—Agree,
tion(s) will save you time in your decision-making 3—Neither agree nor disagree,
process to pick a travel destination? 2—Disagree, 1—Strongly disagree
PC If not, what extra information would you wish to find Open Free text
in the recommendation that would help you save
time?
A How likely is it that you would choose one of the 5-point 5—Very likely, 4—Likely, 3—Neither
recommendations as one of your next travel Likert likely nor unlikely, 2—Unlikely, 1—
destinations? scale Very unlikely
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Table 7
(Continued)
Dimension  Question Answer type  Answer options
A If not or unlikely, why? Open Free text
PC Would you consider ChatGPT or similar tools in S-point 5—Strongly agree, 4—Agree,
the future to help you provide personalized travel Likert 3—Neither agree nor disagree,
recommendations? scale 2—Disagree, 1—Strongly disagree
PC If not, why? Open Free text
PC When it comes to creating your own recommendation Multiple- Prefer to interact with a chatbot
with the support of ChatGPT and similar models, choice directly (like OpenAl ChatGPT web
would you rather: interface); prefer to use a tailor-
made “travel recommendation”
website/mobile app
PC Would you consider ChatGPT or similar tools in the Multiple- No Yes, for other personalized service
future to generate personalized recommendations choice recommendations Yes, for personal-
other than for travel purposes? (use the “other” box ized product recommendations free
to tell us what you would or already use it for, in the text
context of recommendations)
AR Do you have any additional remarks regarding this Open Free text
experiment? Especially the recommendation you
received?
Table 8
Dimensions of feedback evaluation and expected insights
Dimension Expected insights Reviewed with

Satisfaction (S)
receive?
Trust (T)
Agreement (A)
recommendation?
Preference/_ Consideration (PC)

How much do the participants trust the recommendation?

Will the participants consider ChatGPT as a tool for personalized

How satisfied are the participants with the recommendation they

5-point Likert scale
and open text

How likely are the participants to follow/choose the

Yes/no

recommendations in the future?

Additional Remarks (AR)

Any other feedback the participants want to share

Open text

who were selected to support the evaluation of the experiment
by reviewing, validating, and rating their personalized recom-
mendation, 17 reported back, resulting in a participation rate
of 65.5%.

4.2.3. Analysis of collected data

The analysis is first presented for the quantitative data col-
lected. In the second part, a qualitative analysis is presented,
based on the open-text feedback that is gathered from the par-
ticipants. The collected data are analyzed with statistical means.
Table 9 outlines the chosen metrics, and Table 10 shows the results
of the analysis.

The personalized travel recommendations are perceived with
satisfaction, with an overall average of 81.86% and an average
score of 4.08 out of 5. Table 11 provides insights into the per-
centage and distribution of replies by summarizing the frequency
of terms in a dataset, identifying the highest distribution toward
the rating 4 at 50.5% and rating 5 at 33.0%. The areas where
the recommendations scored highest are personal preferences
understanding, overall satisfaction, and potential for timesaving,
whereas the areas to be improved are transport mode options,
budget breakdown details, and budget adherence.

Personalized Recommendation Satisfaction: With an average
score of 4.35 and 94.12% satisfaction, participants show positive

satisfaction. The standard deviation indicates acceptance of the
recommendation. No dissatisfaction is expressed.

Preferred Destination/Scenery/Activities: The highest average
scores are found here, with a range from 4.24 to 4.47, together
with an average satisfaction score across the three questions of
over 88.24%, while dissatisfaction did not occur.

Preferred Transport Mode: An average score of 3.88 accom-
panied by a satisfaction level of 70.59%. The standard deviation
and mode suggest a wider range of replies, indicating some users
were not entirely satisfied with the suggested transport options,
with a dissatisfaction level of 11.76%.

Satisfaction with Budget Breakdown: With 3.94, the score
is lower than the total average with a higher standard devi-
ation, indicating that the participants’ opinions diverge. With
76.47% satisfaction and 11.76% dissatisfaction, there is potential
for improving the budget planning aspect.

Consideration of Personal Preferences and Authenticity and
Correctness: These trust metrics scored averages of 4.12 and 3.88,
with relatively high satisfaction of 82.35% and 76.47% and low
dissatisfaction of 0% and 5.88%.

Budget Adherence: Lowest-scoring category with a score of
3.41 and the highest dissatisfaction rate with 23.53%. With 1.06,
the highest standard deviation is observed, suggesting a wide range
of responses, as well as the lowest mode and median with 3.0.
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Table 9
Metric explanation for quantitative analysis

Column name Explanation

Average score

Standard deviation
values suggest a wider range

% of satisfaction

% of dissatisfaction

Mean of the scores provided by the participants on a scale of 1-5

Indicates the dispersion or variability in the scores. Lower values suggest scores close to the mean; higher

Percentage (sum) of participants who rated their satisfaction level as either 4 or 5

Percentage (sum) of participants who rated their satisfaction level as either 1 or 2

Mode The most frequently occurring value in the satisfaction scores
Median Middle value in a sorted list of numbers. Divides the dataset into two equal halves
Table 10
Participant feedback for quantitative analysis
=
.S
17} =)
g 0 S . . L .
°é’ Average Standard 2 3 Satisfaction ~ Dissatisfaction
A Question score deviation = = (score 4-5) (score 1-2)
S How satisfied are you over- 4.35 0.61 4 4 94.12% 0.00%
all with the personalized
recommendation?
How satisfied are you with the personalized recommendation for the following aspects:
S Preferred destination? 4.47 0.62 5 5 94.12% 0.00%
S Preferred scenery? 4.47 0.72 5 88.24% 0.00%
S Desired activities? 4.24 0.56 4 4 94.12% 0.00%
S Preferred transport mode? 3.88 0.99 4 4 70.59% 11.76%
S How satisfied are you with the 3.94 0.97 4 4 76.47% 11.76%
provided budget breakdown
for each destination?
How much do you trust the recommendation(s) regarding the following aspects:
T Consideration of personal 4.12 0.70 4 4 82.35% 0.00%
preferences?
T Authenticity and correctness? 3.88 0.78 4 4 76.47% 5.88%
T Budget adherence? 3.41 1.06 47.06% 23.53%
PC Do you consider that the 4.06 0.43 4 4 94.12% 0.00%
generated recommenda-
tion(s) save you time in your
decision-making process to
pick a travel destination?
A How likely is it that you would 3.94 1.03 5 4 70.59% 11.76%
choose one of the recom-
mendations as one of your
next travel destinations?
PC Would you consider Chat- 4.18 0.95 4 4 94.12% 5.88%
GPT or similar tools in
the future to help you pro-
vide personalized travel
recommendations?
Overall average per metric 4.08 0.79 4.2 4.1 81.86% 5.88%

Timesaving Potential of Recommendations: Average score of
4.06 and 94.12% satisfaction rate. The system’s ability to accelerate
decision-making is perceived as positive.

Likelihood of Choosing Recommendations: The average
score is 3.94 with a 70.59% satisfaction rate and 11.76% dissatis-
faction. The standard deviation of 1.03 indicates a wider spread
of acceptance.
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Consideration of Al-generated Personalized Recommenda-
tions in the future: Based on an average rating of 4.18 and 94.12%
satisfaction, supported by a 5.88% dissatisfaction rate, the partic-
ipants express a high likelihood of using such a similar solution
in the future.

Qualitative feedback provided us with deeper insights into
why the participants were scoring as they chose; open questions
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Table 11
Rating frequencies
Rating Frequency Percentage
4 101 50.5
5 66 33.0
3 25 12.5
2 11 5.5
1 1 0.5

are offered. Seven such questions are shared for the partici-
pants to give free-text feedback. They are listed in Table 12. The
summary of the feedback is paraphrased to convey the general
input received. If input was received for a different subject, the
response numbers were corrected. Where not stated otherwise, the
sentiment was expressed only once.

Satisfaction: For the general satisfaction with their recom-
mendation, all 11 feedbacks are positive, with some additional
input on how to improve the satisfaction further.

Two participants were requesting more detailed recom-
mendations, highlighting a wish to find clearer activity, hotel,
and budget information. One was confirming that they had
already done the suggested trip or would go for one of the
recommendations.

Budget: All seven feedbacks express negative sentiments. The
budget insights received are assessed as vague, doubtful, or the
accuracy or coverage is questioned:

Trust: When prompted to share how trust can be increased,
13 participants share their needs. Five of them confirm a need
for more clarity about the budget. Four would like direct links
to offers, and three want to know the sources of the details they
received. Improving areas to increase trust can be associated with
specifying sources for information, including user habits, and
offering better estimation.

Timesaving: Most respondents agree that the recommen-
dation saves time in decision-making. Three people suggest
improving this further by providing weather forecasts, more
detailed budgets, and direct links to offers and comparisons.

Not choosing one of the provided recommendations: The
three responses claim that the destination does not fit the season,
that they prefer to base their decision on others’ experience or
travel agents, or that it is too generic.

Future consideration of the solution: One person rated the
likelihood of choosing any of the recommendations with 1, stating
that there is no value in it, due to the marketing content on the
internet.

Additional feedback on experiments and recommendations:
Eight participants share additional reflections in support of the

experiments and further constructive feedback. The positive sen-
timents are praise for the experiments, the great idea, the big
potential, and the inspiration received. The critical input once
again emphasizes the need for a direct link to offers and informa-
tion, clearer insights into the budget needed, more details, and a
wish to chat with a person to take the recommendations further.

5. Discussion

The following discussion follows the research questions
outlined in Section 1.2.

RQI1 (development of prompts and generation of person-
alized recommendations): Through various iterations of experi-
ments and trials, attributes for personalization were identified as
valuable to generate effective travel destination recommendations.
ChatGPT was employed for this process. These attributes were
then used for the survey to collect the data from the participants.
While ChatGPT would not need the prompt in the human conver-
sational style that was used in our study, it was considered useful
as users can better assess the whole chat conversation. When scal-
ing up such an experiment, this could be simplified by using a
persona-specific prompt like “act as a travel agent,” and the list of
individual attributes could be provided in addition. Since no par-
ticipant gave negative feedback about the style or understanding
of the prompts and recommendations, it can be implied that they
were constructive.

Looking at the feedback received regarding the dimensions,
where the users lack trust and satisfaction, it is clear that the
generic prompt that steers the creation of a budget overview
and two recommendations could be enriched further. This would
ensure that the recommendations would receive a higher score in
these dimensions and in their perceived quality.

RQ2 (usability of ChatGPT for a customizable recommen-
dation system): Once the attributes and prompts for personalized
recommendations are specified, the suggested solution can be
regarded as a standardized system that is fine-tuned to the users’
individual preferences. It enables upscaling the recommendations
easily. User-specific engineering of the prompt in terms of how
and what to ask becomes redundant, and the template can be
followed.

RQ3 (evaluation method and metric): Choosing a survey tool
enabled an efficient and easy way to collect data and query the
participants about their opinions. The Likert scale supported the
acquisition of quantitative insights and clearly drew attention to
the lack of trust and the budget. The many open feedback options
enabled the gathering of quantitative input. This clearly revealed
the wishes of the participants to enrich the recommendations with
desired details, like sources and budget insights. If the experiments

Table 12
Topics of open questions from feedback survey
Dimension Question topic (paraphrased) Responses
S Feedback regarding satisfaction/dissatisfaction 11
S Improvement wishes for the budget insights 7
T How to further increase trust in recommendations 13
PC If no timesaving is seen, how could it be achieved 3
A Reason to not choose one of the recommendations 1
PC Reason not to consider ChatGPT or a similar tool for future travel recommendations 2
AR Additional remarks for the experiment and the recommendation 8
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were scaled up, a shorter evaluation survey should be considered
to ensure more participants’ feedback.

RQ4 (evaluation of the experiment regarding personal-
ized travel destination recommendations): The effectiveness of
the ChatGPT-generated personalized travel recommendations did
well in terms of user satisfaction, desire consideration, and
timesaving, as shown in the analysis section of the participant
feedback. However, the scores for authenticity, correctness, and
budget adherence were less satisfying. To increase the degrees of
trust and user satisfaction, more detailed and specific recommen-
dations are directly requested by the survey participants, as well as
enhanced granularity for the budget breakdown, and more trans-
parency by sharing sources. The expressed wishes to incorporate
links to resources and booking offers suggest a business poten-
tial that directly connects recommendations to booking platforms
or travel agents, for example. Hence, a future method of such a
travel destination recommendation should consider enriching the
information that is shared with users with the discussed sources
and details.

When thinking about implementing our approach as a busi-
ness model, with a web or mobile interface, it is seen as key that
the user could customize how important certain dimensions are
for them and, by doing so, steer the depth of details received
on budget or activities. The needs of the details may vary for
different aspects of the dimensions, which is concluded by the
fact that some of the participants are content with their recom-
mendations, while other participants were seeking more details.
Having the possibility for manual intervention about the depth of
information would allow different degrees of detail and support
the respective user-specific needs. Regardless of these important
factors, the participants gave positive feedback regarding the
experiments, praising it as a great idea and something with big
potential.

Let us finally discuss some limitations of the conducted
experiments and possibilities to address them: Since the partici-
pants did not have the chance to directly conduct the experiments,
they could not ask follow-up questions. If they had, they would
have gained clarity about what is covered in the budget and could
have directly managed to receive more details. A simple prompt
asking “is this budget covering all travelers” would have pro-
vided clarity and increased trust. However, this would have come
with a payoff of more time spent on the task. Further prompt
engineering could potentially increase user satisfaction and trust
in this regard. If the idea were to be put into production, with
an application or web interface, it would be an apparent need
of the user to have very clear insights into the reasoning of the
answers with references and sources, the scope of the information
provided, in terms of budget, traveling party, and details con-
sidered. This was made clear with several of the open feedback
suggestions.

The chosen transformer model, with its cutoff date, cannot
provide the latest information about political stability, environ-
mental factors, and safety concerns (training for ChatGPT 3.5
only includes data up until September 2021). This is seen as a lim-
itation, as there is a risk of recommending someone to go to an
unsuitable destination. ChatGPT is mitigating this, however, by
expressing that its own research must be conducted. With the ser-
vice offering web browsing for paying ChatGPT Plus customers,
this is further alleviated.

Another limitation was the usage of ChatGPT via the web
interface and not with a more technically advanced method like
connecting bigger datasets via Application Programming Inter-
face (API). This resulted in the need to repeatedly feed data
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and re-trigger a continuation of the responses. This, however,
was accepted as part of the experiment since an everyday user’s
perspective was taken and not that of more advanced information
system experts.

Moreover, we would like to mention the limitation due to
the final sample size of 17 participants and the selection from
the authors’ personal and professional networks. We would rec-
ommend applying a larger sample size and considering random
or stratified samples for future research to improve external
validity.

6. Conclusions

Our study focused on AI opportunities to support human
decision-making by reducing time and presenting clear and
specific suggestions, helping people overcome decision paral-
ysis. In the context of travel recommendations, a solution
like ChatGPT has considerable potential. It can simplify travel
planning by providing comprehensive and relevant information
in natural language, reducing users’ need to consult multiple
sources.

Through the experiments conducted with real user prefer-
ences and data, as well as their personal evaluations, this research
paper can confirm the thesis statement: “Additional input of task-
specific or user-specific texts will enhance the adaptability and
effectiveness of pre-trained models for personalized travel des-
tination recommendation generation.” Although the results of
this research contribute to the field, they only represent a first
attempt to apply additional input for personalized recommenda-
tions in the travel area. Consequently, further empirical research
would be required to gain more insights and detailed results to
increase the satisfaction, trustworthiness, and reliability of per-
sonalized travel recommendations generated by ChatGPT and
similar recommender systems. This should be done by addressing
the mentioned limitations, such as gathering more data for exper-
iments to improve the quality and diversity (which should also
allow for statistical validation) or focusing on the sentiment anal-
ysis aspect, which was briefly mentioned in the literature review
part, to incorporate more data in the form of reviews.

In addition, we recommend a more refined analysis of
prompting approaches and provided personal information (e.g.,
in the form of an ablation study), which could also benefit from
the insights gained from our current study. In particular, in
future studies, LLMs could be asked for more detailed recom-
mendations, especially regarding the budget needed, and a higher
transparency of provided information, for example, by asking for
used sources.
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