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Abstract. Large Language Models (LLMs) produce generic responses that fail
to account for individual preferences and contexts. Personalized LLMs ad-
dress this by leveraging user-specific data to generate tailored outputs. This
paper presents a systematic literature review of 52 studies on personalized text
generation, published between 2022 and 2025, with focus on healthcare appli-
cations.This study follows Kitchenham’s guidelines for planning and conduct-
ing systematic literature reviews (SLRs), while the reporting of the review pro-
cess adheres to the PRISMA framework. The analysis focuses on techniques,
models, metrics, and challenges identified in the literature. The results indi-
cate that prompting is the most adopted technique (55.8%), followed by fine-
tuning (46.2%) and RAG (26.9%). Health applications remain underrepre-
sented (9.6%) but are rapidly emerging, covering tasks such as personalized
medical responses and mental health assistance. Key challenges include the
lack of personalization-aware metrics, static preference assumptions, and pri-
vacy concerns.

1. Introduction

Healthcare represents a particularly promising yet challenging domain for personal-
ized text generation. Unlike other domains such as e-commerce or news, where per-
sonalization errors lead to irrelevant recommendations, in healthcare inaccurate out-
puts can compromise patient safety, clinical decisions, or cause psychological harm
[Neupane et al. 2025, Shafi et al. 2025]. Personalization in this context must account
for individual patient histories, medical terminology conventions, evolving clinical con-
ditions, and even the therapeutic style of healthcare professionals [Gupta et al. 2025,
Xie et al. 2025, Hu et al. 2024].  Additionally, privacy regulations severely limit the
availability of real-world clinical data, motivating the use of synthetic datasets
[Shafi et al. 2025, Xie et al. 2025]. Despite these unique requirements, it remains unclear
how personalization techniques, metrics, and challenges have been specifically addressed
in the healthcare context, and which gaps hinder the safe advancement of this area.

Large Language Models (LLMs) achieve state-of-the-art performance across NLP
tasks but produce identical responses regardless of who is asking — the “one-size-fits-all
flaw” [Liu et al. 2025b]. This motivates Personalized LLMs (PLLMs), which leverage
user-specific data such as profiles, historical dialogues, past content, interactions, and
preferences to deliver tailored responses [Liu et al. 2025b].



Recent approaches to building PLLMs operate at three levels: at the input level
through prompting techniques such as profile augmentation, RAG, and soft prompting; at
the model level through parameter-efficient fine-tuning methods; and at the objective level
through alignment methods such as Reinforcement Learning [Liu et al. 2025b]. Evalua-
tion combines lexical metrics (ROUGE, BLEU), semantic metrics (BERTScore), human
evaluation, and LLM-as-a-judge.

The objective of this work is to systematically analyze the literature on personal-
ized text generation with LLMs, with a specific focus on healthcare applications, identi-
fying techniques, models, metrics, challenges, applications, and research gaps to orient
future research, regulation, validation, and deployment in this domain. The remainder of
this paper presents the method (Section 2), results (Section 3), discussion (Section 4), and
conclusions (Section 5).

2. Method

According to [Kitchenham et al. 2004], a systematic literature review is a method used to
identify, evaluate, and interpret relevant research studies related to a particular research
question, research area, or phenomenon of interest. It represents a form of secondary
study. This process involves three phases: planning, conducting, and reporting the re-
view. In the planning phase, the need for the study is assessed and the research questions
are defined, resulting in the development of a review protocol. In the conducting phase,
the review is performed according to the procedures defined in the protocol. Finally,
the reporting phase involves synthesizing and presenting the results obtained from the
review. In this work, the review planning followed the guidelines proposed by Kitchen-
ham for systematic literature reviews. The reporting of the review process, including the
identification, screening, and selection of studies, followed the PRISMA framework.

2.1. Planning

In this work, a comprehensive literature review was conducted in November 2025. As
part of the planning phase, the following information was defined:

* Research questions: (Q1) What are the main techniques and models for personal-
ized text generation? (Q2) What evaluation metrics are used? (Q3) What are the
main applications? (Q4) Which health domains and clinical tasks are addressed?
(Q5) What techniques, models, and metrics are employed in health-related appli-
cations? (Q6) What challenges and future perspectives were identified?

* Digital libraries: Semantic Scholar, ACM Digital Library, IEEE Xplore, and El-
sevier (ScienceDirect);

* Employed keywords: The search strings were adapted to the syntax of each digital
library, as shown in Table 1.

* Inclusion criteria: We included original articles published between 2021 and 2025,
written in English or Portuguese, with full text available. Studies had to: (i) ad-
dress personalized text generation tasks, and (ii) explicitly use language models
or large language models (LLMs), describing evaluation criteria for the model or
proposed system.

* Exclusion criteria: We excluded: (i) duplicate records, (ii) secondary studies such
as reviews, editorials, and letters, (ii1) papers without full-text access, (iv) papers
without evaluation parameters, (v) papers with insufficient methodological quality,



(vi) studies that did not address text generation tasks, (vii) studies that did not use
text generation models, and (viii) studies focused exclusively on vision-language
models (VLM).

Table 1. Search strings used in each digital library.

Database Search String

IEEE Xplore (”Abstract”:personal*) AND (”Abstract”:large language model* OR ”Abstract”:1lm* OR ”Ab-
stract”:text generation) NOT (”Abstract”:image) NOT (”Abstract”:recommend*)

ACM [Abstract: personal*] AND [[Abstract: large language models] OR [Abstract: 1lm]] AND NOT
[Abstract: images] AND NOT [Abstract: recommend*] AND [E-Publication Date: (01/01/2021
TO 12/31/2025)]

Elsevier (personalization OR personalized) AND (large language models OR 1lm) AND (generation OR
generate) AND NOT (recommendations OR image)

Semantic Scholar  (personalized text generation language) OR (personalization text generation language) OR (LLMs
personalization language) OR (Large Language Models Personalization) OR (personalization 1Im).
Filtered by ACL and EMNLP venues.

2.2. Conducting

The initial search identified several articles, which were deduplicated and screened for
relevance. Articles that did not meet the inclusion criteria were systematically excluded
following PRISMA guidelines [Page et al. 2021]. The PRISMA flow diagram was used
to illustrate the selection process (Figure 1) and the detailed description of each selection
stage is provided in Section 3.1.

[ Identification of studies ]
§ | |Records identified from:(n=1433) Records removed before
s SemanticScholar (n = 100) screening:
& ACM (n = 514) Duplicate records removed
£ IEEE (n = 734) (n=14)
3 Elsevier (n = 85)
PR— Records excluded:
Records screened (n = 1419) (sneiozg)ary studies excluded
= Other reasons (n = 1351)
=
[}
2
O
]
Reports assessed for eligibility Reports excluded:
(n =68) Poor Quality (n = 4)
Not Relevant (n = 13)
o
°
S Studies included in review
3 (n=52)
[

[

Figure 1. PRISMA flow diagram illustrating the study selection process.

3. Results

3.1. Study selection and data extraction

As illustrated in Figure 1, a comprehensive search was conducted across Semantic
Scholar, ACM Digital Library, IEEE Xplore, and Elsevier by applying the defined search



strings to each database (2.1). For Semantic Scholar, target conferences in the NLP field—
namely ACL and EMNLP—were also selected. The search yielded 1433 records (Seman-
tic Scholar n = 100, ACM n = 514, IEEE n = 734, Elsevier n = 85), from which 14
duplicates were removed. The remaining 1419 records were screened by title and ab-
stract, excluding 44 secondary studies and 1351 for other reasons, leaving 68 articles for
full-text assessment. Of these, 17 were excluded (4 for poor quality and 13 for lack of
relevance), resulting in 52 included studies. The complete selection flow is illustrated in
Figure 1.

The distribution of publications shows marked growth: no relevant article was
found in 2021, 2 were published in 2022, 5 in 2023, 21 in 2024, and 24 in 2025, confirm-
ing that personalized text generation with LL.Ms is a rapidly emerging field.

3.2. Summary of articles evaluated

Among the 52 included studies, 34 (65.4%) focused on personalized text generation and
18 (34.6%) on personalized dialogue generation. General-purpose applications dominated
(63.5%), while health-related domains accounted for 9.6%, followed by recipe genera-
tion (5.8%), e-commerce and product reviews (3.8% each), news (3.8%), and persuasion
(3.8%). Historical content was the most common source of personalization (20 studies,
38.5%), followed by historical dialogues (16, 30.8%), user profiles (7, 13.5%), historical
interactions (7, 13.5%), and human preferences (6, 11.5%). Table 2 presents the distri-
bution of studies by publication venue, and Table 3 summarizes the five health-focused
studies.

Table 2. Distribution of included studies by publication venue.

Venue N References

ACL 16 [Xie et al. 2025, Ryan et al. 2025, Liu et al. 2025a, Zhang et al. 2025b,
Padmakumar et al. 2025, Qiu et al. 2025, Balepur et al. 2025, Zhang et al. 2025a,
Oh et al. 2025, Liu et al. 2025c, Jietal. 2025, Zhang et al. 2025c,
Salemi et al. 2024b, Dai et al. 2024, Huang et al. 2024, Xu et al. 2023]

EMNLP 7  [Zhang 2024, Tan et al. 2024a, Tan et al. 2024b, Kirstein et al. 2024,
Tang et al. 2024, Wang et al. 2024, Lee et al. 2024a]

WWW 4 [Lian et al. 2025, Prahlad et al. 2025, Li et al. 2024, Baek et al. 2024]

SIGIR 2 [Joko et al. 2024, Salemi et al. 2024a]

IEEE 17 [Shafi et al. 2025, Huang et al. 2025, Wang 2025, Nezhad et al. 2025,
Wang 2024, Hu et al. 2024, Gui and Wang 2024, Hang et al. 2024,

Ju and Wang 2024, Nezhad and Kangavari 2024, Lee et al. 2024b,
Zhang et al. 2023, Han et al. 2024, Ji 2023, Zhan et al. 2023,
Srivastava et al. 2022, Ke and Chen 2021]

Other 6 [Kimetal 2025, Wasilewski 2025, Guptaetal. 2025, Neupane et al. 2025,

Huq et al. 2025, Fendji et al. 2025]

3.3. Research Questions

The studies were conducted with the aim of addressing the established research ques-
tions. Therefore, in this section, these questions are revisited and discussed in light of the
analyzed studies, which provide the basis for the answers presented.

Q1 - Techniques and models for personalized text generation



Table 3. Health-focused studies on personalized text generation. PT = Prompt-
ing, FT = Fine-Tuning, RAG = Retrieval-Augmented Generation, PA = Profile
Augmentation, DS = Dataset Construction.

Reference Year Clinical Task Techniques
[Gupta et al. 2025] 2025 Radiology reports PA, PT
[Shafi et al. 2025] 2025 Mental health assistance FT, PT, RAG
[Xie et al. 2025] 2025 Psychological counseling DS, FT, PT
[Neupane et al. 2025] 2025 Medical responses PA, PT, RAG
[Hu et al. 2024] 2024 Medical dialogues FT

The analysis of techniques reveals that prompting was the most widely adopted
approach, employed in 29 studies (55.8%), followed by fine-tuning in 24 (46.2%)
and retrieval-augmented generation (RAG) in 14 (26.9%). Profile augmentation was
used in 12 studies (23.1%), while alignment-based methods appeared in 5 (9.6%).
Other techniques included reinforcement learning (6 studies), soft prompting (5),
direct preference optimization (DPO) (3), knowledge graphs (2), multi-agent sys-
tems (2), prompt optimization (2), and steering (1). Notably, 3 studies integrated
memory-augmented retrieval strategies, combining external memory modules with RAG
pipelines to maintain personalized context across extended interactions [Wang et al. 2024,
Baek et al. 2024, Zhang et al. 2023]. Additionally, 3 studies invested in the construction
of dedicated personalization datasets, particularly for domains with limited user-specific
data such as psychological counseling [Xie et al. 2025] and preference-aware dialogue
[Balepur et al. 2025, Joko et al. 2024]. Many studies combined multiple techniques, re-
flecting a trend toward hybrid approaches for personalization.

In terms of models, GPT-4 was the most frequently used generator, appearing in 9
studies, closely followed by LLaMA-2-7B and GPT-3.5-turbo, each present in 7 studies.
Other commonly used models included GPT-40 and Flan-T5-XXL-11B (4 studies each),
LLaMA-3.1-8B, GPT-3.5, and GPT-40-mini (3—4 studies each), as well as Mistral-7B and
FlanT5-base (3 each). The results indicate a strong preference for both proprietary (GPT
family) and open-source (LLaMA, Flan-T5, Mistral) models across the literature.

Q2 - Evaluation metrics for personalized text generation

The evaluation of personalized text generation relied on a diverse set of metrics.
ROUGE-L was the most commonly used (20 studies, 38.5%), followed by human eval-
uation (19, 36.5%), ROUGE-1 (17, 32.7%), and BLEU (16, 30.8%). LLM-as-a-judge
emerged as a notable trend (15 studies, 28.8%). Additional metrics included ROUGE-2
(8), BERTScore (5), perplexity and Dist-1/2 (4 each), win rate (4), METEOR, F1, Jaccard,
and domain-specific measures.

Q3 - Applications for personalized text generation

General-purpose personalized text generation was the dominant focus (63.5%),
encompassing tasks such as summarization, review generation, note-taking, and head-
line generation. Personalized dialogue generation accounted for 34.6%, including role-
playing and conversational agents. Health applications represented 9.6%, with other do-
mains including recipe generation (5.8%), persuasion (3.8%), e-commerce (3.8%), and
code generation (1.9%).



Q4 - Health domains and clinical tasks in personalized text generation

Among the 52 studies, 5 (9.6%) specifically addressed health-related domains.
The clinical tasks covered included personalized medical response generation (2 studies),
personalized mental health assistance (1 study), radiology report generation (1 study),
and psychological counseling through digital twins (1 study). Mental health emerged as
a prominent area of interest, with 2 of the 5 health studies focusing on psychological sup-
port and counseling. The remaining health studies targeted clinical report generation and
patient-facing medical dialogue. All health-focused studies were published between 2024
and 2025, suggesting that the application of personalized text generation in healthcare is
a recent and growing research direction.

QS - Techniques, models, and metrics in health applications

In the health domain, prompting was the most frequently adopted technique (4 out
of 5 studies, 80%), followed by fine-tuning (3 studies, 60%) and RAG (2 studies, 40%).
Profile augmentation was also used in 2 studies to incorporate patient-specific information
into the generation pipeline.

Regarding models, GPT-4 appeared in 2 health-focused studies, while other mod-
els included Claude Opus, Gemini, LLaMA 3.2-3B, Qwen2-7B, GPT-3.5-turbo, Mistral-
7B, and domain-specific models such as BenTsao, HuatuoGPT2-7B, and Zhongjing. The
use of domain-specific medical models in one study highlights the potential of specialized
architectures for clinical applications.

The evaluation of health-related studies relied heavily on ROUGE variants
(ROUGE-1 and ROUGE-L appearing in 4 studies each, ROUGE-2 in 3), BLEU (3 stud-
ies), and human evaluation (3 studies). Notably, some studies also employed domain-
specific metrics such as RAGAS, TruLens, and clinical adequacy measures, reflecting the
need for evaluation criteria tailored to the healthcare context.

Q6 - Challenges and future perspectives

The reviewed studies reported recurring challenges grouped into six themes:

e Evaluation limitations: Conventional metrics such as ROUGE and BLEU are
insufficient for capturing personalization quality, particularly for long-form
text [Salemi et al. 2024b].  Standardized evaluation protocols remain absent
[Zhang et al. 2025c¢], and LL.M-as-a-judge, while scalable, introduces its own bi-
ases.

 Static user preferences: Several methods assume fixed preferences over time
[Oh et al. 2025, Zhang et al. 2025b, Zhang et al. 2025a], yet in practice prefer-
ences evolve with context and task. Future work should explore continual learning
and dynamic preference modeling.

* Privacy and data security: Models fine-tuned on private data are susceptible to ex-
traction attacks [Salemi et al. 2024b, Liu et al. 2025b]. Per-user PEFT strategies
improve privacy but reduce performance [Liu et al. 2025b], highlighting the need
for federated learning and differential privacy approaches.

* Data scarcity and single-source personalization: Many approaches rely on a sin-
gle data type, limiting their ability to capture complex preferences [Zhang 2024].
Methods requiring pairwise feedback face additional constraints in low-resource
scenarios [Ryan et al. 2025].



* Scalability and computational cost: Fixed top-k retrieval may miss relevant con-
tent [Wang et al. 2024], while fine-tuning is resource-intensive and difficult to
scale [Zhang et al. 2025b, Lee et al. 2024a].

* Cross-domain generalization: Most studies evaluate within a single domain,
raising generalizability concerns. StyleVector [Zhang et al. 2025a] and DPL
[Qiu et al. 2025] noted that personalization may not transfer across tasks. Future
benchmarks should incorporate cross-domain scenarios.

Promising future directions include: personalization-aware metrics, continual
learning frameworks, hybrid approaches combining user embeddings with retrieval
[Liu et al. 2025¢], multimodal personalization [Zhang 2024], explainability methods
[Neupane et al. 2025], and integration with real-time clinical data [Shafi et al. 2025].

4. Discussion

This study analyzed 52 articles on personalized text generation published between 2022
and 2025. The sharp rise from 2023 onward confirms that the convergence of LLMs with
personalization techniques is a recent phenomenon. Prompting-based methods dominate,
likely due to their compatibility with proprietary models and lower computational costs,
though their insufficiency for deep personalization [Tan et al. 2024b, Zhang et al. 2025b]
has driven a trend toward hybrid approaches. The coexistence of proprietary and open-
source models reveals a dual dynamic: proprietary models are favored for evalua-
tion and profile augmentation [Xie et al. 2025, Neupane et al. 2025], while open-source
models are essential for fine-tuning, reproducibility, and privacy-sensitive deployments.
The heavy reliance on lexical metrics such as ROUGE and BLEU is concerning, as
these do not distinguish genuinely personalized outputs from high-quality generic ones
[Salemi et al. 2024b, Zhang et al. 2025¢c], and the absence of personalization-specific
metrics remains a critical gap.

Health applications, though underrepresented, introduce unique requirements
that distinguish them from all other domains. In e-commerce, a personalization er-
ror results in an irrelevant suggestion; in healthcare, it may lead to a missed diagno-
sis, inappropriate treatment, or emotional harm. Clinical accuracy must not be sacri-
ficed for stylistic adaptation [Neupane et al. 2025, Hu et al. 2024]. Privacy constraints
are particularly stringent, with patient data regulated by frameworks such as HIPAA
and models fine-tuned on private data susceptible to extraction attacks, motivating the
use of synthetic data [Shafi et al. 2025, Xie et al. 2025]. Mental health applications
further require emotionally sensitive responses and must contend with extreme data
scarcity due to ethical restrictions [Xie et al. 2025, Shafi et al. 2025]. The need for
transparency in clinical outputs [Neupane et al. 2025] and the evolving nature of pa-
tient conditions challenge the static preference assumptions prevalent in many methods
[Oh et al. 2025, Zhang et al. 2025b, Zhang et al. 2025a]. The scarcity of health-focused
studies (only 5 out of 52) reveals a significant gap between the potential of personalized
text generation for healthcare and the current research effort, with impact across sub-
domains such as mental health, radiology, medical dialogues, and patient-facing clinical
support.



5. Conclusions

This work presents a systematic review of personalized text generation using large lan-
guage models, with a specific focus on healthcare applications. By analyzing 52 studies
published between 2022 and 2025 following PRISMA guidelines, this review maps tech-
niques, models, evaluation metrics, challenges, and application domains, being, to the
best of our knowledge, the first to specifically investigate this intersection. The analysis
reveals a field in rapid expansion, oriented toward hybrid techniques combining prompt-
ing, fine-tuning, and RAG, yet facing challenges such as the lack of personalization-aware
metrics, static preference assumptions, privacy concerns, and limited cross-domain gen-
eralization.

Health-related studies represent only 9.6% of the reviewed literature, a signifi-
cant gap given that healthcare imposes unique requirements not found in other domains:
clinical accuracy that cannot be sacrificed for stylistic adaptation, strict privacy regula-
tions, sensitivity to evolving patient conditions, and emotionally appropriate responses in
mental health contexts.
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