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Abstract

Purpose/Significance: With the continuous development and transformation of
large language model technology represented by ChatGPT, many classic sce-
narios across various fields are being revitalized with new opportunities. Mean-
while, an increasing number of scholars are focusing on how to apply the intelli-
gent capabilities and technologies of large language models to existing scenarios,
and analyzing the challenges and opportunities brought by these technologies.
Method/Process: This paper takes ChatGPT as the modeling object, and for
the first time introduces large language model technology into the typical ap-
plication scenario of user book rating preference prediction in the library and
information science field, and puts it into practice. By constructing a ChatGPT-
based user book rating prediction model (CUBR, ChatGPT-based model for
User Book Rating Prediction), this study explores the feasibility of implement-
ing and deploying large language model technology in the book recommendation
domain. Simultaneously, based on different evaluation schemes for book rating
tasks, this paper compares CUBR with existing classical recommendation mod-
els, discusses and presents its advantages and disadvantages in the user book rat-
ing prediction scenario, and analyzes potential research opportunities for large
language models in other book recommendation scenarios. Results/Conclusion:
Experimental studies in this paper demonstrate that (1) the CUBR model can
achieve commendable recommendation performance on existing user book rat-
ing preference prediction tasks, particularly in few-shot scenarios like One-shot
where target information for recommendation is limited, its performance ap-
proaches or exceeds current classical recommendation algorithms, with strong
generalization capabilities, making it more suitable for cold-start recommenda-
tion scenarios. (2) As the content of individual user prompt samples increases
(e.g., from One-shot to Ten-shot), the prediction performance of CUBR improves
significantly, indicating that CUBR possesses considerable in-context learning
capabilities. Limitations: The research scenario of this paper is limited to user
book rating preference understanding and recommendation; future work will
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attempt to apply and adapt existing large language model technologies to more
library and information science scenarios to achieve better practical results.
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Abstract

[Purpose/Significance] The continuous development and transformation of
Large Language Models (LLMs), exemplified by ChatGPT, have revitalized clas-
sical scenarios across numerous fields with new opportunities. Concurrently, an
increasing number of scholars are focusing on how to apply the intelligent ca-
pabilities and technologies of LLMs to existing contexts while analyzing the
challenges and opportunities these technologies present. [Method/Process]
This study, for the first time, introduces LLM technology into user book rating
preference prediction—a typical application scenario in library and information
science—and implements it in practice. By constructing a ChatGPT-based
model for user book rating prediction (CUBR), we explore the feasibility of ap-
plying LLM technology in book recommendation. Additionally, this paper com-
pares different evaluation schemes for book rating tasks against existing classical
recommendation models, discusses the advantages and disadvantages of CUBR
in user book rating prediction scenarios, and analyzes potential research oppor-
tunities for future LLM applications in other book recommendation contexts.
[Results/Conclusions] Our experimental research demonstrates that: (1) The
CUBR model can achieve commendable recommendation performance on exist-
ing user book rating preference prediction tasks, particularly in few-shot scenar-
ios like one-shot where target information is limited. Its performance approaches
or exceeds current classical recommendation algorithms, demonstrating strong
generalization ability and suitability for cold-start recommendation scenarios.
(2) As the number of prompt samples for individual users increases (e.g., from
one-shot to ten-shot), CUBR’s prediction performance improves significantly,
indicating robust real-time in-context learning capabilities. [Limitations] This
study is limited to understanding and recommending user book rating prefer-
ences. Future work will attempt to apply and adapt existing LLM technologies
to more library and information science scenarios to achieve better practical
results.

Keywords: ChatGPT; Large Language Model; Book Rating; Generative Re-
sponse
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1 Introduction

In recent years, Natural Language Processing (NLP) technology has advanced
rapidly, with daily transformations occurring in both model parameter scales
and training data richness. In early December 2022, OpenAl released ChatGPT
(Chat Generative Pre-trained Transformer), a conversational chatbot built upon
and fine-tuned from the GPT-3.5 series of large language models. This model
not only enables efficient and accurate interactive responses for multi-turn con-
versations but also performs various natural language processing tasks, including
code assistance, document summarization, and story continuation. Its release
immediately sparked enthusiastic discussion in both industry and academia.

[Figure 1: see original paper] Baidu search index trend for ChatGPT and typical
important events

As shown in Figure 1, during the initial release period (November 2022-February
2023), ChatGPT maintained relatively low popularity due to imperfect model
performance and user interfaces. Starting in February, as OpenAl iterated
on the model and several important events were reported—such as ChatGPT
passing Google engineer interviews and widespread participation from major
internet companies—the technological foundation of ChatGPT, large language
models, attracted significant academic attention.

Current popular LLM versions mainly include the GPT-3/4 series, the LLaMA
model, and the GLM-130B model from Tsinghua University. Among these,
ChatGPT, built on the GPT-3/3.5/4 series and supported by Microsoft and
OpenAlT’s extensive promotion with API access, has been increasingly adopted
by researchers and vendors for various real-world scenarios such as intelligent
customer service, interactive translation, and personal assistants.

Particularly in the library and information science field, theoretical research
surrounding ChatGPT-like models is growing, covering technical ethics and risk
studies, as well as application scenario research. However, these studies primar-
ily focus on theoretical discussions and application scenario analyses without
testing ChatGPT in practical implementations. Critical questions remain unex-
plored: Can we consider building recommendation models based on ChatGPT-
like models to solve existing recommendation problems in library and informa-
tion science? How do ChatGPT-like models compare to traditional recommen-
dation models when applied to corresponding recommendation scenarios? These
questions merit thorough investigation.

The innovations of this paper are primarily threefold: (1) We apply large lan-
guage models (such as ChatGPT) to a typical task in library and information
science—user book rating preference prediction—to explore the feasibility of
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implementing ChatGPT-like models in this domain. (2) We design prompt en-
gineering paradigms for user book rating preference tasks, providing inspiration
for similar implementation research. (3) Through one-shot and few-shot mod-
eling experiments on the GoodBooks dataset, we demonstrate the feasibility of
applying ChatGPT-like LLMs to user book rating preference prediction scenar-
ios using various evaluation metrics.

2 Related Research

As library collections continue to expand in volume, variety, and reader inter-
actions, library services are evolving toward greater intelligence, with recom-
mendation models serving as a crucial method to address information overload.
Personalized recommendation systems for library resources primarily rely on
machine learning recommendation models. Research in this direction includes:

User-Item collaborative filtering recommendation models: Yu Yisheng et al. im-
proved interpretability and accuracy in book recommendation systems by in-
troducing biases into item-based collaborative filtering models, incorporating
the meaning of biases and contributions from similar books to predicted rat-
ings. Yang Chen et al. further introduced user social relationship similarity be-
yond book content similarity, optimizing recommendation effectiveness through
heuristic unsupervised methods for fusing similarity measures.

User-Book interaction behavior sequence recommendation models: From an in-
dividual user perspective, series of interactions between users and books over
time form corresponding book sequences. These models primarily address the
recommendation problem of predicting the next (or multiple) interaction ob-
jects. For example, Wang Dailin et al. proposed a personalized recommendation
model based on a table-of-contents attention mechanism, modeling users’ histor-
ical browsing interactions through user ratings and attention mechanisms, and
incorporating reader interest preferences via BiLSTM to improve recommenda-
tion accuracy. However, this model’s performance strongly depends on dense
reader behavior matrices and is limited in sparse scenarios.

Graph neural network recommendation models based on user-book networks.
Benefiting from graph models’ feature representation and high-order extraction
capabilities, graph neural networks have been widely applied across recommen-
dation systems. For instance, Chen Zhi et al. modeled interaction histories
constructed as user-book bipartite graphs based on graph convolutional neu-
ral networks, capturing high-order connectivity between nodes to better model
readers’ domain preference information and improve recommendation effective-
ness.

3 ChatGPT-Based User Book Rating Preference Prediction
Model

[Figure 2: see original paper] Framework of the user book rating preference
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prediction model

3.1 Model Overview

This paper proposes a user book rating preference prediction model based on
ChatGPT-like large language models. By integrating existing LLMs with user
rating preference prediction tasks, constructing appropriate prompt strategies,
and combining data validation, backtracking, and retry methods, we explore the
feasibility of applying LLMs in user book rating preference prediction scenarios.
The model consists of four modules: (1) Task formalization definition, (2) Task
prompt engineering design, (3) Model interaction and response parsing and
validation, and (4) Task metric evaluation.

3.2 Task Formalization Definition

User rating preference prediction estimates users’ future preferences for inter-
acting with other books based on historical interactions or rating behaviors.
This task has broad applications in book recommendation, such as user book
preference prediction for e-commerce sales scenarios and interest preference pre-
diction for library readers’ borrowing, clicking, and browsing behaviors. The
task typically uses historical reader-book interactions (clicks, views, borrowings,
collections, reviews, ratings, etc.) as features and data sources, combined with
user attributes and book attributes, to build accurate recommendations using
various machine learning models. In this paper, the specific tasks are defined as
follows:

One-shot recommendation modeling for users: Given a user u;’s historical
book behavior sample sequence (e.g., rating sequence) H, = {by,bg,...,b,}, the
model is provided with only a single training sample as a prompt or training set
and is required to rate the preference for all remaining samples in the behavior
sequence. The final evaluation assesses the consistency between the model’s
ratings and the original sample results.

Few-shot recommendation modeling for users: Given a user u;’s historical
book behavior sequence (e.g., rating sequence) H, = {by,b,,...,b,}, a certain
proportion of data is selected as the training set (éhis paper selects 10 and 20
prompt examples as the prompt set). The model is required to rate the prefer-
ences for the remaining sequence, with final evaluation measuring consistency
between predicted and original ratings.

3.3 Task Prompt Engineering Design

Since ChatGPT-like LLMs are typical generative models, the quality of their
generated content typically depends on the quality of input prompt content.
Therefore, constructing effective prompt engineering for book recommendation
tasks is the core discussion of this subsection. As shown in Figure 3, the prompt
engineering example for user book rating preference prediction tasks typically
includes four core components:
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(1) Identity injection prompt: This prompt primarily informs the LLM
of its current role type, guiding the LLM to produce different behavioral
responses according to specific role types. For example, in certain tasks,
without identity injection prompts such as “Assume you are an expert in
profession XXX,” ChatGPT may refuse to respond to direct requests like
“Please evaluate the rating preference for XXX.” Identity injection helps
circumvent such refusals for safety or fairness reasons.

(2) Task description prompt: While identity injection prompts set the pos-
sible behavior cluster for ChatGPT-like models, task description prompts
inform the LLM of the specific task background, framework, and possi-
ble task examples (few-shot scenarios). Typically, content prompts based
on task examples (few-shot scenarios) provide additional learning sam-
ples to the model, enhancing its fitting and understanding of the task to
ultimately produce better prediction results.

4 Experimental Setup and Results
4.3 Evaluation Metrics

As described in Section 3.2, user book rating preference recommendation can be
treated as either a regression problem or a ranking problem. Therefore, to verify
model performance across different test samples, we evaluate model effectiveness
using the following metrics for both regression and ranking:

Metric 1: Mean Absolute Error (MAE), which measures the absolute
deviation between user rating preference predictions and actual results, focusing
on the average of absolute errors between true and predicted values. Calculation:
MAE = |y; — ]

Metric 2: Mean Absolute Percentage Error (MAPE), which focuses on
percentage deviation of prediction errors relative to each sample’s true value
through dimensional scaling. Calculation: MAPE = |y, — 4;|/|v;]

Metric 3: Root Mean Square Error (RMSE), which differs from MAE by
focusing more on the relative weight of different error magnitudes. Calculation:

RMSE = \/(y, — 7,)?
Metric 4: Normalized Discounted Cumulative Gain (NDCG), which

primarily observes differences in relative position quality in ranking results. In
this paper, we consider NDCG@{5,10,15,20} performance results.

4.4 Results Analysis and Discussion

This subsection analyzes the performance results of the CUBR model and base-
line models across different tasks, addressing two core questions: (1) Can the
CUBR model achieve effectiveness in user book rating preference recommenda-
tion scenarios, and how does its performance compare to other recommendation
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models? (2) Can increasing prompt samples improve CUBR’s recommendation
capability, and are there noticeable changes compared to baseline models?

Comparative performance of user rating preference prediction models

As shown in Table 1, the test results for the CUBR model and baseline models
across three sub-tasks (1-few-shot, 10-few-shot, and 20-few-shot) are presented,
where gray-background numbers indicate the optimal model for each sub-task
and underlined numbers correspond to the second-best model.

First, from an overall perspective: The MF (FunkSVD) model achieves
good performance across different sub-tasks, particularly optimal in the 1-shot
scenario. The core reason is that FunkSVD’s recommendation strategy models
the user-book rating interaction matrix through matrix factorization, with an
optimization objective of minimizing residuals between actual ratings and ma-
trix product ratings. Therefore, even with limited reference rating information
from target users (e.g., 1-few-shot), FunkSVD achieves good results on met-
rics like RMSE. However, as the number of effective prompt examples per user
increases, clustering-based models like KNN (means) begin to demonstrate ad-
vantages. During prediction, KNN (means) relies on modeling the target user’s
historical rating habits to generate final predictions, making its prediction ac-
curacy gradually increase with more prompt examples. Notably, the CUBR
model achieves second-best recommendation results based on NDCG metrics
in the one-shot scenario, indicating good generalization capability in few-shot
recommendation scenarios. However, CUBR also shows a performance gap com-
pared to classical recommendation models in personalized understanding and
modeling at the user dimension when directly applying general LLMs.

Second, examining different prompt-level sub-tasks: FunkSVD’s NDCG
metrics are not sensitive to the number of prompt samples, showing consistent
performance across 1-few-shot, 10-few-shot, and 20-few-shot sub-tasks. In con-
trast, other baseline models like KNN (means), SlopeOne, and CUBR, show
significant metric changes as the number of prompt samples increases. The core
reason is that these models reference the target user’s historical ratings during
prediction. For example, the CUBR model references provided historical ratings
for different books to model background knowledge about user interest prefer-
ences and applies this knowledge comprehensively in new prediction scenarios.
As shown in Figure 5 [Figure 5: see original paper]|, this illustrates CUBR’s ex-
plicit rating decision process. Through appropriate example prompts, LLMs can
typically learn corresponding contextual knowledge and apply it in prediction
scenarios—a capability known as in-context learning, which is one of the impor-
tant foundational abilities of large language models. After increasing prompt
sample references, CUBR’s MAE, MAPE, and RMSE metrics on the 20-few-
shot sub-task improved significantly, with errors reduced by 21.67%, 16.53%,
and 16.84%, respectively.

Finally, examining different metric types: With fewer reference samples
(e.g., 1-few-shot), the CUBR model shows good performance in ranking capa-
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bility (NDCG) but no advantage over baseline models in score prediction error
metrics (MAE/MAPE/RMSE). Additionally, excessive increases in individual
user prompt samples (e.g., from 10-few-shot to 20-few-shot) do not produce sim-
ilar performance gains in NDCG metrics as observed from 1-few-shot to 10-few-
shot. However, improvements in error metrics remain substantial. Therefore,
if the application scenario prioritizes absolute score preferences for each rec-
ommended user, effectiveness can be improved by increasing prompt samples.
If the scenario only focuses on relative ranking capability, modeling with few
samples suffices, allowing further savings in inference resources.

5 Conclusion and Future Work

This paper proposes a ChatGPT-based large language model technology for user
book rating preference prediction (CUBR), which for the first time introduces
LLM technology into a classical task in library and information science and
implements it in practice. In user book rating preference prediction tasks, we
tested three sub-tasks with different sample prompt levels: 1-few-shot, 10-few-
shot, and 20-few-shot. Experimental results demonstrate that CUBR achieves
good recommendation performance with few prompt samples and without any
fine-tuning, with significant improvements in prediction results after increasing
prompt sample quantities. Future research will focus on the following aspects:

Research Direction 1: Prompt construction integrating multi-source
data. In current explorations, we only used user rating interaction data to
construct prompt sets. Future research should investigate how to integrate
multi-source user attributes and features, even cross-modal data, and express
them within LLMs to build unified recommendation systems. The fundamental
challenge is how to consistently represent heterogeneous feature data from mul-
tiple sources as natural language encodings that LLMs can understand, thereby
fully utilizing various contextual information to further improve model predic-
tion performance.

Research Direction 2: Modeling research for task-specific instruc-
tion fine-tuning. The current CUBR modeling approach directly applies pre-
trained LLMs for recommendation and application, which typically tests LLMs’
generalization capabilities. However, existing research shows that constructing
targeted instruction training sets can further enhance LLM performance on spe-
cific tasks. Therefore, future research should explore how to construct efficient
fine-tuning instruction sets based on proprietary tasks and special business sce-
narios in library and information science, and integrate prediction processes with
training processes to ultimately improve LLM performance in recommendation
systems.
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