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Abstract

The rapid development of large language mod-
els (LLMs) has transformed many industries,
including healthcare. In practice, hospitals and
patients increasingly seek LLM-based systems
capable of interpreting personal health records
and providing healthcare guidance. However,
existing approaches mainly rely on general
medical knowledge and often fail to account
for individual variability, limiting their abil-
ity to provide personalized guidance. To ad-
dress this, we propose personalized prompt
learning (PPL), a framework that learns indi-
vidualized prompts to guide LLMs in generat-
ing personalized healthcare recommendations.
PPL constructs initial personalized prompts by
leveraging both self-informed patient informa-
tion and peer-informed signals derived from
clinically similar cases. These prompts are
then refined using reinforcement learning (RL)
to better align the generated responses with
physician recommendations written for each
patient. PPL operates with hard prompts, en-
abling seamless integration with proprietary
LLMs without modifying the underlying mod-
els. We evaluate PPL on real-world obstet-
rics and gynecology data. The results show
that our approach produces more personalized
healthcare guidance and wins 97 out of 100
comparisons in expert evaluation, demonstrat-
ing its potential for broader healthcare appli-
cations. Our code is publicly available at
https://github.com/CGCL-codes/PPL.

1 Introduction

In recent years, the explosive growth of generative
artificial intelligence has profoundly impacted var-
ious industries, drawing widespread attention to
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<Output>: 
You have/do not have 
[specific disease].

<Instruction>:
<Input>:

Figure 1: Prior works on personalized medical LLMs
often target single disease settings, where personaliza-
tion mainly comes from differences in patient inputs
while overlooking personalization at the prompt level.

large language models (LLMs) (Fang et al., 2024;
Qu et al., 2025; Zhao et al., 2026). LLMs have
been applied in many fields, including healthcare,
where they provide medical knowledge and valu-
able insights (Thirunavukarasu et al., 2023; Shah
et al., 2023). Increasingly, patients and healthcare
providers rely on LLM-based systems to interpret
personal health records and obtain medical guid-
ance (Lan et al., 2025; Zheng et al., 2025).

This growing adoption highlights an urgent
demand for personalization in healthcare guid-
ance with LLMs, as both patients and healthcare
providers require guidance tailored to individual
needs (Zhang et al., 2024; Liu et al., 2025). While
some studies claim to have developed such LLMs
(Yang et al., 2023; Zhu et al., 2023; Zhang et al.,
2024), these models are typically restricted to a
single disease and personalize only based on lim-
ited variations in patient data, as shown in Fig-
ure 1. Specifically, they focus on fine-tuning (Li
and Liang, 2021; Lester et al., 2021) lightweight
LLMs (Touvron et al., 2023; GLM et al., 2024)
with knowledge about a specific disease, without
the ability to adapt to individual patients. Thus,
prior approaches provide only limited forms of per-
sonalization and cannot fully capture patient level
variability in real-world healthcare scenarios.

As such, there remains a pressing need for effec-
tive mechanisms to enable personalization in LLM
healthcare guidance, raising two key challenges:
(1) How to support multiple diseases while adapt-
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ing to individual patients? Most existing works
rely on models designed for a single disease and
provide only limited personalization based on vari-
ations in patient inputs. In reality, patients present
with a wide range of conditions. Thus, enabling
LLMs to provide guidance across diverse diseases
while still tailoring responses to individual patients
remains challenging. (2) How can personaliza-
tion be achieved automatically? Current methods
typically extract limited patient information and
insert it into fixed prompt templates to guide LLM
outputs. Such approaches cannot easily adapt to
evolving patient records, contextual differences, or
variations across underlying LLMs. Achieving fine-
grained personalization therefore requires methods
that can automatically refine and adjust the prompts
used to guide the LLM for each patient.

To this end, we propose personalized prompt
learning (PPL), a framework that learns personal-
ized prompts to guide LLMs in generating tailored
healthcare guidance. PPL analyzes patient history
to extract personalized information and incorpo-
rates insights from similar patients via collaborative
filtering. Using self-informed and peer-informed
insights, it constructs coarse-grained personalized
prompts, which are then refined through reinforce-
ment learning (RL), where physician replies for
each patient serve as the optimization signal. The
final prompts are fed into a high-quality LLM to
guide the generation of customized responses. Note
that prompt refinement considers the characteris-
tics of the downstream LLM, and the personalized
prompts are hard prompts (Gu et al., 2023; Schul-
hoff et al., 2024). Thus, PPL can be reused across
different LLMs and seamlessly integrated with pro-
prietary LLMs with extensive medical knowledge.
Our contributions are summarized as follows:

• We study how personalized prompts can improve
healthcare guidance generated by LLMs. While
previous methods achieve only basic personaliza-
tion, our method enables more refined guidance
customized to individual patients.
• We propose a framework named PPL, which

uses RL to automatically adjust prompts based
on patient information and downstream LLMs,
guiding proprietary LLMs with extensive medi-
cal knowledge to offer tailored responses.
• Experiments on real-world obstetrics and gy-

necology data show that PPL significantly en-
hances personalization in proprietary LLMs and
outperforms fine-tuned LLMs, as confirmed by

both automatic metrics and expert evaluation.

2 Related Work

2.1 Personalized LLMs

Recently, personalization in LLMs has attracted at-
tention (Chen et al., 2024; Liu et al., 2025), particu-
larly in recommendation systems (Wu et al., 2024).
Some researchers focus on combining user his-
tory to improve recommendation quality (Woźniak
et al., 2024; Shang et al., 2024; Shen et al., 2024),
while others leverage reinforcement learning from
human feedback to understand users’ needs and
enhance personalization (Li et al., 2024b; Jang
et al., 2023). However, these methods often rely
on item embedding, making them difficult to apply
in healthcare. Meanwhile, many LLMs have been
applied in the healthcare domain and have shown
promising results (Aththanagoda et al., 2025; Lan
et al., 2025; Zheng et al., 2025). Some studies at-
tempt to develop personalized medical LLMs, yet
most focus on advice or treatment for specific dis-
eases (Benary et al., 2023; Yang et al., 2023; Stade
et al., 2024). Specifically, they fine-tune LLMs
to learn general treatment strategies for a specific
disease, achieving personalization at the disease
level rather than tailoring prompts to individual pa-
tients. Moreover, they usually fine-tune lightweight
LLMs, making limited use of proprietary LLMs
with more extensive medical knowledge.

2.2 Hard Prompt Optimization

Early work (Shin et al., 2020) on hard prompt opti-
mization is conducted on pre-trained models. Later,
GrIPS (Prasad et al., 2023) and FluentPrompt (Shi
et al., 2023) are applied to GPT-2 (Radford et al.,
2019), where GrIPS is a gradient-free approach
operating at phrase level, while FluentPrompt uses
Langevin dynamics. PEZ (Wen et al., 2023) op-
timizes hard prompt through soft prompt as inter-
mediaries. Several works explore modifying hard
prompts through RL (Kaelbling et al., 1996; Wang
et al., 2022), and RLPrompt (Deng et al., 2022) is
among the earliest efforts. Based on RLPrompt,
PIN (Choi et al., 2024) enhances prompt inter-
pretability by sparse Tsallis entropy regularization
(Lee et al., 2018). PRewrite (Kong et al., 2024)
further uses a retrieval strategy to determine the
most effective prompt. Rewriter (Li et al., 2024a)
combines supervised learning with RL to rewrite
prompts. Recent work (Wang et al., 2025) explores
optimizing prompts in continuous representation
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Figure 2: Overview of PPL. The framework constructs personalized prompts using patient records and similar cases,
and refines them through RL to guide LLMs in generating personalized responses.

spaces. However, these methods focus on optimal
prompts for specific tasks, rather than designing
personalized prompts tailored to individual users.

3 Method Preparation

We denote a healthcare dataset asH = {X ,Y,R},
where X = (x1, x2, · · · , xN ) contains N pa-
tients, Y = (y1, y2, · · · , yN ) denotes patient la-
bels, such as diseases, or a normal state, and
R = (r1, r2, · · · , rN ) is physician recommenda-
tions written for each patient, which serve as refer-
ence responses and reflect personalized healthcare
guidance. Each patient xi ∈ RNxi×Nm , where
Nxi is the health check counts and Nm denotes
the health examination metrics. Since patients may
have different numbers of health checks, we use
subscripts for differentiation.

Based on this, we extract patient specific infor-
mation from health records and leverage signals
from similar patients. RL is then used to refine the
prompt so that the generated responses better align
with physician recommendations, thereby achiev-
ing patient level personalization.

Personalized prompt is P = (p1, p2, · · · , pNp),
where pi represents a word. The prompt is repre-
sented in textual form, allowing it to be compatible
with closed-source LLMs without modifications to
their architectures. Furthermore, Pi ̸= Pj , i ̸= j

for different patients, meaning that each patient is
associated with a distinct prompt. In addition, the
prompt length may vary across patients.

4 The Proposed Method

We provide a detailed introduction to our proposed
PPL. As illustrated in Figure 2, PPL guides LLMs
to generate personalized responses via tailored
prompts. PPL first employs a predictor to extract
personalized information from the patient medi-
cal records (self-informed personalization). It then
retrieves information from similar patients to fur-
ther enrich the personalization (peer-informed per-
sonalization). Using both sources of information,
PPL generates an initial coarse-grained personal-
ized prompt. Through RL, these prompts are iter-
atively refined into fine-grained prompts tailored
to each individual, where the reward encourages
the generated responses to align with tailored re-
sponses written by physicians for each patient. The
proposed PPL does not modify the parameters or
architecture of the underlying LLM, enabling seam-
less integration with proprietary LLMs that possess
extensive medical knowledge.

4.1 Extraction of Personalized Information
PPL leverages personalized information to build
tailored prompts that guide LLMs in generating in-
dividualized responses. To achieve this, we extract
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<Instruction>: Please evaluate the condition of
patient based on its health examination indicators
from different dates.

<Input>: The health examination indicators for
patient include … (depending on the dataset.)
The health data for the patient is [ ].

<Output>: Your current condition is [ ].

***

***

Figure 3: Example prompt for the predictor.

personalized information from two complemen-
tary sources: self-informed personalization derived
from the target patient’s historical health records,
and peer-informed personalization obtained from
clinically similar patients.
Self-informed Personalization. In our work, a
patient xi ∈ RNxi×Nm consists of multiple health
check results from different dates, and the number
of checks varies for each individual. To efficiently
handle this variable-length data, we use LoRA (Hu
et al., 2022) to fine-tune LLMs as predictors, de-
noted as LLMp. Specifically, given a patient’s
health check data and label, we format the data as
shown in Figure 3 for instruction tuning.

After fine-tuning, LLMp is able to make predic-
tions based on the historical health check data of
patient X , which can be formally defined as:

Ŷ = LLMp(X ), (1)

where ˆ︁Y denotes the predicted label. Despite vary-
ing numbers of health checkups, the historical
health data can be treated as time series. We eval-
uate several predictors, including traditional time
series methods and LLMs (see Appendix A.3), and
ultimately adopt LLaVA1.5-7B (Liu et al., 2024)
as our predictor, since it delivers the best results
even though it is primarily a multimodal LLM.
Peer-informed Personalization. To further enrich
personalized information, in addition to directly
using the original patient data for predictions, PPL
extracts information from similar patients. First,
PPL utilizes an encoder to map the patient data into
the same space. Formally, for each patient xi, it
can be represented as follows:

x̂i = encoder(x′i), (2)

x′i = padding(

Nxi∑︂

j=1

∥xij), (3)

where padding(·) refers to filling in missing val-
ues, as the number of health checkups Nxi varies
between patients, and we apply zero padding here
for simplicity. x̂i ∈ R1×d denotes the mapped data,
and d indicates the mapped space dimension. Fur-
thermore, xij represents the j-th health check re-
sult of patient xi, and ∥ signifies the concatenation.
The primary purpose of the encoder is to standard-
ize the dimensions of the input data. To ensure
efficiency, we employ the multi-layer perceptron
(MLP) (Rosenblatt, 1958) here.

PPL then leverages the encoded data to retrieve
similar patients to the target patient based on col-
laborative filtering (Linden et al., 2003). In detail,
since the labels in the training set are known, we
calculate the cosine similarity between the target
patient xi and each patient xj in the training set,
which is computed as follows:

wij =
x̂i · x̂j

∥x̂i∥2 · ∥x̂j∥2
, (4)

where wij indicates the similarity between patients
xi and xj , and ∥ · ∥2 is the Euclidean norm. PPL
leverages the top-k similar patients to enhance the
target patient’s personalized information for con-
structing a tailored prompt. k is a hyper-parameter,
which we explore in detail in Section 5.6.

4.2 Generation of Personalized Prompt
Based on the self-informed and peer-informed
personalized information, PPL constructs tailored
prompts to guide LLMs in generating customized
responses. We first format and create an initial
prompt, then refine this prompt through RL, ulti-
mately producing unique prompts for each patient.
Coarse-grained Personalized Prompt. Similar
to previous works, our initial personalized prompt
includes background and input data, as illustrated
in Figure 4. Specifically, the background part pro-
vides an overview of the input data and the down-
stream task, helping the LLM to understand the
context and objectives. The input information is
then populated with the personalized data extracted
earlier, covering both the target patient’s prediction
outcomes and the recommendations from similar
patients. Note that the obtained initial prompts al-
ready incorporate a coarse level of personalization
since the input data is tailored to each individual,
resulting in unique prompts for each patient.
Fine-grained Personalized Prompt. To achieve a
finer level of personalized prompts, we employ RL
to refine the initial prompt. We design a word-level
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<Instruction>: You are an assistant with expertise in
medical knowledge.

<Input>: I am a patient. Please provide advice based on
my prediction results and the data from patients similar to
me.
Based on my previous checkup results, the medical deep
learning model predicts that my current condition is [ ].
In addition, the hospital analyzed the similarity of
physical examination indicators and identified
information about past patients with similar results to
mine. Their discharge diagnoses are as follows (similarity
range: 0-1):
The diagnosis result is [ ], with a similarity score of [ ].

… (with a total of [k] entries.)

***

Figure 4: Example of the coarse-grained personalized
prompt. The labels for similar patients are ground truth
values, as these records come from past cases.

policy network that adjusts selected words to better
guide LLMs in generating personalized responses.
Since each initial prompt varies in length, PPL
operates at the word level, unlike previous works
that treat the prompt as a single fixed input.

We formulate optimization as a Markov Decision
Process (Bellman, 1957). PPL performs n editing
steps on the initial personalized prompt, where n
is a hyper-parameter controlling refinement depth.
We define the state set as S = {s0, s1, · · · , sn−1},
where si, i ∈ [0, n − 1] denotes the personalized
prompt after the i-th optimization. Moreover, s0 is
the initial state, i.e., the initial prompt (Figure 4).
After that, PPL introduces a policy network f(·) to
determine the modification probability π(e|s) for
each word under a given state s. Formally, this can
be described as follows:

π(e|s) = softmax(f(E)), (5)

E = BERT (s) = (e1, e2, · · · , eNs), (6)

where softmax(·) denotes normalization and E is
the embedding of the personalized prompt at state
s. The personalized prompt is textual, thus, PPL
first encodes it using BERT (Devlin et al., 2019).
Moreover, e indicates word embeddings, where
each embedding has the same dimension, in con-
trast, the number of words Ns across states may
vary. PPL samples a word from the probability
distribution π(e|s) and removes it to obtain the
next state. This editing process allows the policy
network to explore different prompt variants and se-
lect those that better align the generated responses
with physician guidance. This process is repeated
n times, each time deleting only one word, until

reaching the final state sn−1, which serves as the
personalized prompt P .

Nonetheless, the transition probability relies
heavily on word embeddings, resulting in limited
personalization. In detail, while these embeddings
include contextual information, they still lack suffi-
cient granularity to differentiate between individual
patients. To address this, PPL incorporates patient
information along with sentence representations.
Formally, Eq.(5) can be reformulated as follows:

π(ei|s) =
exp

(︁
f(ei∥Ē∥x̂)

)︁
∑︁Ns

j=1 exp
(︁
f(ej∥Ē∥x̂)

)︁ , (7)

Ē = mean(E) =
e1 + e2 + · · ·+ eNs

Ns
, (8)

where i ∈ [1, . . . , Ns] and ∥ denotes concatena-
tion. Ē captures the global semantics of the prompt,
while x̂ denotes the patient representation obtained
from the encoder in Eq.(2). With this refinement,
the prompt modification considers patient informa-
tion and overall semantics, enabling the generation
of a more personalized prompt. For simplicity, we
still employ the MLP as the policy network.

After n iterations, we obtain the personalized
prompt P . We define the reward using BERTScore
(Zhang et al., 2020), which is as follows:

Reward = BS(r̂, r)−BS(r̂0, r), (9)

r̂ = LLMr(P ), (10)

where LLMr indicates the LLM used to generate
replies and r̂ is its response to the personalized
prompt, r̂0 = LLMr(s0) is the response to the ini-
tial personalized prompt. Moreover, BS(·) stands
for BERTScore, and r denotes the reference re-
sponses provided by physicians for each patient,
which reflect personalized medical guidance in clin-
ical practice. The reward is computed once based
on the final refined prompt by comparing the gener-
ated response with the physician reference response
using BERTScore. Since physician responses are
personalized for each patient, this reward encour-
ages the learned prompts to capture guidance for
individual patients. The reward function also con-
siders the downstream LLM, meaning that the per-
sonalized prompt is adaptively revised in alignment
with LLMr. As the personalized prompt is in text
format, we avoid any modifications to LLMr, en-
abling compatibility with proprietary LLMs. In
this case, the loss function is defined as:

L = −
n−1∑︂

i=0

log(π(ej |si)) ·Reward, (11)
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where π(ej |si) is the probability of deleting word
ej in the state si. Moreover, j ∈ [1, Nsi ] denotes a
chosen index, following the probability distribution
π(e|si). Finally, we optimize our proposed PPL by
Adam (Kingma and Ba, 2015).

We further provide the pseudo-code of PPL,
training strategies, and an interactive web interface
in Appendix A.1.

5 Experiments

5.1 Experimental Setup

Datasets. We collect real-world obstetrics data
from multiple hospitals in Wuhan city and sur-
rounding areas from 2020 to 2022. Details on
data processing are provided in the Appendix A.2.
The final dataset consists of 38,817 records for
2,373 pregnant patients, with each record contain-
ing 35 examination metrics. The patient with the
most records has 45 entries, and each patient is
assigned a label and receives medical recommen-
dations, with a total of 12 categories. We partition
the data by year: data from 2021 and earlier form
the training set, the first half of 2022 as the vali-
dation set, and the remaining data as the test set.
This dataset is suitable for our task since it contains
longitudinal health records together with medical
recommendations written by physicians for each
patient, which are used both as the RL optimiza-
tion signal and as reference responses in evaluation.
We use prenatal examination records available be-
fore delivery and retrieve similar patients from the
training set, avoiding future information leakage.
Baselines. We evaluate PPL on multiple propri-
etary LLMs and compare it with several fine-tuned
lightweight LLMs to examine whether prompt
learning on strong proprietary LLMs can outper-
form directly fine-tuning lightweight LLMs. Our
goal is not to compare model capacity across dif-
ferent scales, but to evaluate prompt learning as a
practical alternative when proprietary LLMs can-
not be fine-tuned. We do not compare with prompt
optimization methods, since they mainly optimize
shared prompts for tasks rather than personalized
prompts. The baselines are as follows:
• Proprietary LLMs. We evaluate PPL on several

LLMs, including Gemini1.5-pro (Team et al.,
2024), GLM4 (GLM et al., 2024), GLM4-plus,
GPT3.5-turbo (Brown et al., 2020), and GPT4
(Achiam et al., 2023).
• Lightweight LLMs. We compare several LLMs

that are fine-tuned on the training data, includ-

<Instruction>: You are an assistant with expertise
in medical knowledge.

<Input>: I am a patient. Please assess my condition
and provide advice based on my medical test results.
The health examination indicators include …
(depending on the dataset.)
Here are my health results from different dates: [ ].

<Output>: [ ].

***

***

Figure 5: Example prompt for evaluation, where
<Output> is omitted for proprietary LLMs.

ing Llama3-8B (Dubey et al., 2024), GLM4-9B
(GLM et al., 2024), Qwen2-7B (Bai et al., 2023),
and LLaVA1.5-7B (Liu et al., 2024).

Experimental settings. We evaluate PPL on a
server with an Intel Xeon Gold 5117 CPU, a Tesla
V100 GPU (32 GB), and 256 GB RAM. The server
uses Ubuntu 18.04 with CUDA 12.1, and our code
is implemented in PyTorch 2.1.0. To reduce ran-
domness, we report the average results of five runs.

For hyper-parameter settings, both the encoder
and policy network in PPL are MLPs, each with
hidden layer dimensions of 256 and a dropout rate
of 0.4. Specifically, the encoder has 2 layers with
an output dimension of 128, while the policy net-
work has 3 layers with an output dimension of 1.
The number of similar patients k and the number of
prompt modification steps n are both set to 10, with
a learning rate of 0.005. For PPL’s predictor and
other fine-tuned LLMs, we follow a representative
work (Zheng et al., 2024).

5.2 Performance Study

We evaluate whether PPL improves alignment be-
tween generated responses and physician recom-
mendations written for each patient, and compare
with fine-tuned lightweight LLMs. To this end, we
use the prompt shown in Figure 5. For proprietary
LLMs, we directly evaluate on the test data, as fine-
tuning is not feasible. For lightweight LLMs, we
fine-tune on the training data, followed by evalu-
ation. We compare the outputs from each LLM
with the physician reference responses, which re-
flect personalized guidance for each patient, using
BLEU (Papineni et al., 2002), ROUGE (Lin, 2004),
and BERTScore (Zhang et al., 2020). These au-
tomatic metrics are mainly used to evaluate the
lexical and semantic alignment between generated
responses and physician reference responses. We
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Table 1: Performance of PPL based on proprietary LLMs.

Model BLEU-4 ROUGE-L
ROUGE-N BERTScore

1 2 Precision Recall F1

Gemini1.5-pro
before 6.49 15.46 27.57 6.19 62.79 65.15 63.94
after 10.65 22.39 37.01 13.67 69.54 70.75 70.13

GLM4
before 8.39 19.46 30.93 9.95 63.06 64.95 63.99
after 9.42 21.31 34.67 11.57 66.80 69.51 68.12

GLM4-plus
before 7.79 15.45 33.15 10.48 59.43 63.26 61.26
after 9.04 18.47 36.22 11.96 65.20 69.58 67.31

GPT3.5-turbo
before 8.73 20.08 29.48 9.69 65.56 64.90 65.19
after 9.39 22.84 32.41 10.49 69.25 68.59 68.89

GPT4
before 7.76 15.49 28.62 9.38 61.03 64.59 62.75
after 10.88 22.69 39.03 14.30 69.80 71.21 70.50

Table 2: Comparison with lightweight LLMs.

Model BLEU-4 ROUGE-L
ROUGE-N BERTScore

1 2 Precision Recall F1

Llama3-8B 9.56 23.52 38.44 14.12 65.61 65.93 65.77
GLM4-9B 8.79 19.72 36.40 12.02 64.37 64.29 64.33
Qwen2-7B 8.03 19.78 36.64 12.18 64.38 64.22 64.30

LLaVA1.5-7B 7.45 16.61 33.26 13.59 61.30 63.29 62.28
PPL 10.88 22.69 39.03 14.30 69.80 71.21 70.50

further conduct human evaluation in Section 5.5 to
assess the quality of personalized healthcare guid-
ance from an expert perspective.

From Table 1, it is evident that PPL consis-
tently improves the performance of general LLMs.
By leveraging personalized prompts, all evaluated
LLMs exhibit performance improvements exceed-
ing 10% on several metrics. In addition, the GPT4-
based PPL performs best, thus, we use GPT4 as the
backbone in subsequent experiments.

To provide a more comprehensive evaluation, we
also compare PPL with fine-tuned LLMs, which are
presented in Table 2. We observe that PPL achieves
the best overall performance in this comparison.
However, it falls short on ROUGE-L, which is ex-
pected since this metric relies heavily on word-
level overlap. For the lightweight LLMs, their vo-
cabulary is closer to the reference responses since
they are trained directly on the physician replies
in the training data. In this task, BERTScore is
particularly important since it measures semantic
similarity between generated responses and physi-
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Figure 6: Heatmap of word modification counts, where
the X-axis represents prompt word indices and the Y-
axis represents refinement iterations.

cian recommendations. Notably, PPL achieves the
highest BERTScore, indicating stronger semantic
alignment with physician guidance.

5.3 Personalization Study

To illustrate how PPL generates personalized
prompts for different patients, we analyze the word
modification behavior of the policy network on
the test set. Specifically, we record the indices of
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Table 3: Examples for the personalization study of PPL.

Case Details

Case 1
Similar cases: Uterine scarring and gestational diabetes.
Response: “Your examination results are similar to multiple prior cases, especially those involving uterine scarring and gestational diabetes...”

Case 2
Similar cases: Gestational hypertension.
Response: “Although the prediction result suggests premature rupture of membranes, gestational hypertension may also need attention...”

Case 3
Similar cases: Premature rupture of membranes.
Response: “Among prior cases with examination results similar to yours, premature rupture of membranes appears frequently...”

All cases share the same predicted condition (PROM). “Similar cases” summarize the dominant diagnosis categories among retrieved similar patients.
Response segments are directly extracted from PPL’s outputs, with irrelevant parts omitted.

Table 4: Ablation study of PPL.

Model
BLEU-4 ROUGE-L

ROUGE-N BERTScore

ID SP PP PR 1 2 Precision Recall F1

1 ✗ ✓ ✓ 8.42 18.39 34.01 10.85 61.10 65.01 62.99
2 ✓ ✗ ✓ 9.29 21.38 34.54 11.51 65.92 68.61 67.24
3 ✓ ✓ ✗ 7.91 17.68 33.07 10.39 63.62 66.09 64.83

PPL ✓ ✓ ✓ 10.88 22.69 39.03 14.30 69.80 71.21 70.50

ID indicates different ablation variants, and ’✓’ and ’✗’ indicate whether a module is included.

words removed during each refinement iteration.
Due to space constraints, we report the modifica-
tion counts for the first 100 words.

As shown in Figure 6, the frequency of word
modifications varies significantly across different
indices. This indicates that the policy network
adapts the refinement process according to the
prompt context and patient information, produc-
ing different prompts for different patients.

To further examine whether such prompt differ-
ences lead to personalized healthcare guidance, we
conduct a targeted case study using three patients
with the same predicted condition, i.e., premature
rupture of membranes (PROM). Table 3 presents
response segments generated by PPL that reflect
the influence of peer-informed information. Al-
though their predicted labels are identical, their
examination histories lead to different retrieved
similar patients, providing different peer-informed
information for generating healthcare guidance.

These cases show that PPL does not simply gen-
erate guidance based on the predicted condition.
Instead, it incorporates patient examination histo-
ries and peer-informed information, resulting in
different healthcare guidance even for patients with
the same predicted condition.

5.4 Ablation Study

We further assess the contributions of each module
in PPL. In detail, we examine the roles of self-

Table 5: Human evaluation study of PPL.

Model GLM4 GPT3.5-turbo PPL

Vote Share 5.56 8.32 86.12
Wins 1 2 97

informed personalization (SP), peer-informed per-
sonalization (PP), and prompt refinement (PR) in
guiding LLMs to generate personalized responses.

Table 4 shows that all modules of PPL contribute
to its performance, confirming the effectiveness
of the overall design. Compared with the other
variants, the impact of PP (Variant 2) is smaller,
since PP relies on the similarity of medical records,
which may not always reflect true clinical similarity.
As a result, even without this component, the model
can still achieve reasonable performance.

5.5 Human Evaluation Study
To validate the practical utility of PPL, we con-
duct a human evaluation study. Given the high
cost of manual assessment, we randomly sample
100 cases from our dataset and select GLM4 and
GPT3.5-turbo as representative proprietary LLM
baselines. The evaluation was conducted by 25
evaluators with medical backgrounds, including 7
licensed obstetricians, 3 PhD students, and 15 med-
ical master students. For each case, participants are
presented with anonymized outputs from different
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Figure 7: Hyper-parameter study. The three groups
correspond to BERTScore precision, recall, and F1, and
each group contains results for different k or n.

LLMs in randomized order and asked to identify
the most appropriate healthcare guidance according
to clinical relevance, usefulness, and clarity. The
final preference is determined by majority voting
among the participants.

As shown in Table 5, PPL is preferred in 97
out of 100 cases, outperforming the baselines and
demonstrating the effectiveness of personalized
healthcare guidance. Additional case studies are
provided in Appendix A.4.

5.6 Hyper-parameter Study
We also investigate the impact of hyper-parameters
on performance, focusing on the number of similar
patients k and prompt modification iterations n.

The results in Figure 7 suggest that as k or n
increases, the performance of PPL first improves
and then declines. Increasing k beyond a certain
point may introduce patients with lower similarity,
whose records may introduce irrelevant or conflict-
ing information, thereby weakening personaliza-
tion. Likewise, for n, excessive modifications to
the prompt may distort its semantics and reduce the
reliability of the guidance. Moreover, n has a more
significant impact on performance, which is con-
sistent with the importance of prompt refinement
observed in the ablation study. Based on these ob-
servations, we set k and n to 10 in our experiments.

6 Conclusion

We study personalization for LLMs in healthcare
and propose the PPL framework. PPL constructs
prompts tailored to each patient from their health
data and refines these prompts through RL to better
align with physician recommendations. The result-
ing personalized prompts guide LLMs to generate
customized responses. Moreover, PPL can be ap-
plied to various LLMs, including proprietary mod-
els, without directly sending raw patient records.

Extensive experiments, evaluated using both auto-
matic metrics and human experts, demonstrate the
effectiveness of PPL and highlight its potential for
advancing adaptive healthcare LLMs.

Limitations

While PPL explores personalized prompt learning
for healthcare LLMs and demonstrates promising
results, several limitations remain.
• Dataset. PPL learns personalized prompts by

aligning generated responses with physician rec-
ommendations, while public healthcare datasets
rarely contain both longitudinal patient records
and physician guidance. We thus evaluate PPL
on a single real-world obstetrics and gynecology
dataset. Although this dataset reflects realistic
clinical practice, it may not cover the full diver-
sity of medical scenarios. Evaluating PPL on
broader datasets from different hospitals could
better assess its generalizability.
• Prompt editing. PPL refines prompts using

a deletion-based editing strategy, which keeps
the editing space stable and allows RL to ex-
plore prompt modifications efficiently. However,
richer operations such as insertion or replace-
ment could provide more flexible prompt opti-
mization. In addition, deletion may occasionally
produce prompts that appear semantically inco-
herent. Prior studies (Webson and Pavlick, 2022;
Deng et al., 2022) report that LLMs can still
generate effective responses under such prompts,
possibly since LLMs interpret prompt signals
differently from human readers.

Ethical Consideration

We conduct this study in collaboration with Tongji
Medical College of HUST and Maternal and Child
Health Hospital of Hubei Province, using fully
anonymized retrospective medical records, with
all identifiable patient and physician information
removed prior to analysis. The dataset contains
no direct personal identifiers, and all data are han-
dled in accordance with standard privacy protec-
tion practices. Moreover, PPL avoids sending raw
records to proprietary LLMs, and all data are used
solely for academic research aimed at improving
healthcare applications.
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A Appendix

Figure A1: Web interface of PPL. This page shows a
patient’s medical test results.

A.1 Details of PPL

To further illustrate PPL, we provide its pseudo-
code in Algorithm 1. The predictor is pre-trained
to ensure effective personalized prompt construc-
tion. For test data, similar patients are selected
from the training set to build personalized prompts,
which reflects real clinical settings where hospitals
maintain historical records.

We also present an interactive Web interface to
demonstrate the practical use of PPL. Figure A1
shows a representative page displaying a patient’s
historical medical test results across different dates.
The top-left corner presents the basic information
of the patient, including gender and height. The left
panel allows users to switch between viewing basic
information, medical test results, and recommen-
dations generated by PPL. The interface has been
briefly tested by internal users, suggesting that PPL
can guide the LLM to produce tailored responses
for individual patients.

A.2 Dataset Details

We collect and process obstetrics and gynecology
data from multiple hospitals in Wuhan city and
surrounding areas, covering records from 2020 to
2022. The dataset includes longitudinal medical
examination records of pregnant women from ad-
mission to discharge. It contains 194,345 entries,
each with 302 examination indicators. Discharge
diagnoses are used as labels, while physician rec-
ommendations serve as reference responses. The
use of this dataset complies with ethical standards,
as described in the Ethical Consideration.
Examination indicators. We analyze the dataset
and select 35 measurable examination indicators
due to data sparsity and the textual nature of some
indicators. The selected indicators include pH

Algorithm 1: The Proposed PPL
Input: Training setHtr = {X tr,Ytr,Rtr};

Test setHte = {X te}; Number of
epochs E; Number of similar
patients k; Number of states n;

Output: Responses of test set R̂
1 \∗ Pretraining ∗\
2 Fine-tune LLMp using X tr and Ytr;
3 \∗ Training ∗\
4 Ŷtr = LLMp(X tr); Eq.(1)
5 for epoch = 1 · · ·E do
6 for x ∈ X tr do
7 x′ = padding(

∑︁Nx
j=1 ∥xj); Eq.(3)

8 x̂ = encoder(x′); Eq.(2)
9 Obtain k most similar patients;

Eq.(4)
10 Construct initial personalized

prompt;
11 Initialize the state s0;
12 for i = 0 · · ·n− 2 do
13 E = BERT (si); Eq.(6)
14 Ē =

e1+e2+···+eNs
Ns

; Eq.(8)

15 π(ej |si) =
exp(f(ej∥Ē∥x̂))

∑︁Nsi
k=1 exp(f(ek∥Ē∥x̂))

;

Eq.(7)
16 si+1 ←Modify si based on

π(e|si);
17 end
18 P = sn−1;
19 r̂ = LLMr(P ); Eq.(10)
20 end
21 Reward =

BS(R̂,Rtr)−BS(R̂0,Rtr); Eq.(9)
22 L = −∑︁n−1

i=0 log(π(ej |si)) ·Reward;
Eq.(11)

23 Update through back propagation based
on the loss L;

24 end
25 \∗ Inferring ∗\
26 Ŷte = LLMp(X te); Eq.(1)
27 for x ∈ X te do
28 Obtain k similar patients from the

training set;
29 Construct initial personalized prompt;
30 P ←Modify initial prompt n times;
31 r̂ = LLMr(P ); Eq.(10)
32 end
33 return Responses of test set R̂
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Table A1: Predictor study.

Model Micro-F1 Macro-F1

LSTM 21.60 5.51
CNN 20.89 6.42

ROCKET 36.05 20.58
Transformer 41.12 24.58
Llama3-8B 79.41 62.94
GLM4-9B 65.63 56.12
Qwen2-7B 80.05 69.86

LLaVA1.5-7B 82.58 74.13

level, albumin, total protein, indirect bilirubin, di-
rect bilirubin, total bilirubin, alkaline phosphatase,
alanine aminotransferase, prealbumin, total bile
acid, large platelet count, plateletcrit, large platelet
ratio, mean platelet volume, platelet distribution
width, red blood cell distribution width (coefficient
of variation and standard deviation), basophil count,
eosinophil count, monocyte count, lymphocyte
count, neutrophil count, basophil ratio, eosinophil
ratio, monocyte ratio, lymphocyte ratio, neutrophil
ratio, mean corpuscular hemoglobin concentration,
mean corpuscular hemoglobin, hematocrit, white
blood cell count, platelet count, hemoglobin, mean
corpuscular volume, and red blood cell count.
Labels. The original dataset contains 455 con-
ditions plus a "normal" category. We filter out
conditions with insufficient samples and retain 12
labels: normal, uterine scar, acute fetal distress
(heart type), pregnancy complicated with placental
dysfunction, gestational hypertension, premature
rupture of membranes, pregnancy complicated with
hypothyroidism, uterine rupture, acute fetal distress
(amniotic fluid type), umbilical cord entanglement,
thalassemia, and gestational diabetes.
Final dataset. After removing incomplete records
and retaining the selected indicators, the final
dataset contains 38,817 entries from 2,373 preg-
nant women. The dataset includes 56 patients from
2020, 1,638 from 2021, and 679 from 2022. We
split the dataset by year: data from 2021 and earlier
form the training set, the first half of 2022 as the
validation set, and the remaining data as test set.

A.3 Predictor Study

We further study the choice of predictor. Pa-
tient data can essentially be viewed as time series
data, so we evaluate both LLMs and representative
time series methods, including CNN (LeCun et al.,

1989), LSTM (Graves, 2012), ROCKET (Demp-
ster et al., 2020), and Transformer (Vaswani et al.,
2017). Since the number of medical visits varies
across patients, zero padding is applied to align
data.

Table A1 shows that fine-tuned LLMs consis-
tently outperform traditional time series methods
by a large margin. This may be since health-
care data are sensitive to sequence padding, which
can affect the performance of time series methods.
Among the LLMs, LLaVA1.5-7B achieves the best
performance. Although it is a multimodal model,
using only its text input already yields strong re-
sults. Thus, we adopt it as the predictor in our
work.

A.4 Case Study
Here we provide several cases to illustrate how
the proposed PPL guides LLMs to generate per-
sonalized responses. We compare the responses
of GLM4 (GLM et al., 2024) and GPT4 (Achiam
et al., 2023). Specifically, we present cases for
two different patient types, a pregnant woman diag-
nosed with Gestational Diabetes Mellitus (GDM)
(Figures A2, A3, and A4) and a pregnant woman
with normal conditions (Figures A5, A6, and A7).

The results show that PPL can accurately iden-
tify the condition of patients (highlighted in
green) and provide more tailored recommendations,
demonstrating its ability to capture individual pa-
tient characteristics. In contrast, GLM4 and GPT4
tend to rely on individual numerical metrics and
may fail to interpret the overall health status of pa-
tients. As a result, their responses are often more
generalized. For example, in the case of the normal
patient, both GLM4 and GPT4 incorrectly suggest
potential conditions, which further highlights their
limited ability to provide personalized healthcare
guidance. These observations validate the effective-
ness of PPL in generating patient-specific recom-
mendations and suggest its potential for developing
more personalized LLM-based healthcare systems.
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GLM4
Based on the comprehensive prenatal examination results you've provided, here are some general recommendations. However, please note that these are general suggestions and it's 
essential to consult with your healthcare provider for personalized advice:
1. pH Level: The pH levels seem to be within the normal range. No specific action is needed.
2. Albumin and Total Protein: These values are important for assessing hydration and nutritional status. Your levels appear to be within normal limits, but variations should be 
discussed with your doctor.
3. Bilirubin (Indirect, Direct, and Total): Some elevations are noted, which could indicate mild liver dysfunction or hemolysis. Follow up with your healthcare provider to monitor 
these levels.
4. Alkaline Phosphatase (ALP): Elevated levels in some readings might suggest liver or bone disease, but this is commonly elevated in pregnancy due to the placental production of 
ALP. Discuss with your doctor if there are concerns.
5. Alanine Aminotransferase (ALT): Elevated levels in some results could indicate liver stress or damage. It’s important to monitor this with your healthcare provider.
6. Prealbumin: Levels seem normal, indicating adequate protein status.
7. Total Bile Acids: Normal levels are observed, which is good for liver function.
8. Platelet Parameters: Most values are within normal range, but any significant changes should be discussed with your doctor, as they can be related to preeclampsia or other 
conditions.
9. Red Blood Cell (RBC) Parameters: Variations in RBC distribution width (RDW) can indicate different types of anemia. If RDW is consistently high, it may warrant further 
investigation.
10. White Blood Cell (WBC) Count and Differentiation: These values are generally within normal limits, but any significant deviation should be evaluated for infection or other 
conditions.
11. Hemoglobin and Hematocrit: These values are important for assessing anemia. Some levels are on the lower side, so it’s important to discuss iron supplementation and diet with
your healthcare provider.
General Recommendations:
• Ensure a balanced diet rich in iron, folic acid, and other essential nutrients.
• Stay hydrated.
• Regular prenatal visits to monitor the health of both mother and baby.
• Discuss any concerns or variations in the results with your healthcare provider.
• Consider prenatal vitamins and supplements as recommended by your doctor.
Remember, these are general observations, and it's crucial to have a healthcare professional interpret your specific results and provide tailored advice.

Figure A2: GLM4 response in the GDM case study.

GPT4
To provide a well-rounded evaluation and advice based on your pregnancy lab results, I'll break it down into several key aspects:
1. Liver and Bilirubin Levels:
•Direct/Indirect/Total Bilirubin: Your bilirubin levels, particularly total bilirubin (ranging from 2.3 to 5.5), are generally within the normal range for a healthy pregnancy, though they
can fluctuate slightly due to pregnancy-related changes. Elevated bilirubin could indicate liver stress or mild obstruction, but at these levels, they are likely not concerning.
•Alkaline Phosphatase (ALP): ALP levels, which ranged from 56 to 76 (with occasional peaks), are normal for pregnancy. Elevated ALP can occur during pregnancy due to placental
production and is usually not a cause for concern unless significantly higher than usual.
•ALT (Alanine Aminotransferase): ALT fluctuates between 13.3 and 18.7, which is within normal limits. Elevated ALT could suggest liver inflammation, so it’s good that your levels
are within range.
2. Protein Levels:
•Albumin and Total Protein: Your albumin (43.3 to 49.3) and total protein levels (73.3 to 79.0) appear to be well within normal ranges. These proteins are important for maintaining
fluid balance and immune function, and your levels suggest that your liver is producing proteins efficiently.
•Prealbumin & Total Bile Acids: These values, though not shown in detail, are also important to monitor to assess nutritional status and liver function. A high total bile acid could
indicate cholestasis of pregnancy, which needs attention.
3. Platelet and Blood Cell Counts:
•Platelet Count (Platelet Number & Distribution): Your platelet count has varied between 117.0 and 328.0, which is normal for pregnancy, though platelets can drop slightly in the
third trimester. The platelet distribution width (PDW) remains steady, suggesting good platelet health.
•Red Blood Cells and Hemoglobin: Hemoglobin and RBC values (e.g., 11.35 to 13.74) indicate that you’re not anemic. Keeping an eye on these parameters is crucial, as anemia can
be common during pregnancy. However, your RBC indices (mean corpuscular volume - MCV, and mean corpuscular hemoglobin concentration - MCHC) appear stable.
4. Immune andWhite Blood Cells:
•White Blood Cell Count & Differential: Your WBC count (ranging from 6.2 to 7.0) is within normal pregnancy limits. The ratios of neutrophils, lymphocytes, and monocytes suggest
no significant infections or abnormal immune responses.
•Eosinophils and Basophils:Your eosinophil and basophil counts are low (in absolute numbers), which is typical in pregnancy unless there is an allergic or parasitic condition.
5. General Trends:
•Stable Trends Over Time: From the data provided, there doesn’t seem to be any significant shifts that are worrying across your trimester checks, though values like bilirubin, platelets,
and protein should be monitored periodically.
•Variations in Albumin and Total Protein: Minor fluctuations are expected, and there is no immediate sign of kidney or liver dysfunction. However, if your albumin drops
significantly or if total protein increases too much, it could indicate preeclampsia or other pregnancy complications.
Suggestions:
•Regular Monitoring: Continue regular blood work to monitor liver function, platelet count, and protein levels, especially in the third trimester.
•Hydration and Nutrition:Make sure you're maintaining adequate hydration and nutrition, particularly proteins and iron, to avoid complications like preeclampsia or anemia.
•Monitor for Symptoms of Liver Problems: If you experience symptoms like itching, jaundice (yellowing of the skin or eyes), or fatigue, consult your doctor for further liver function
tests.
•Blood Pressure: Regular monitoring of your blood pressure is important, especially given the slight variations in protein levels that could indicate early signs of preeclampsia.
•Consult Your Obstetrician: If you’re experiencing any unusual symptoms or have concerns about specific numbers, it’s essential to consult with your healthcare provider. They might
want to track any slight upward or downward trends in your blood values.
In summary, your lab results appear to be mostly within a healthy range for a pregnant individual, though continued monitoring is crucial to catch any subtle changes that could indicate
complications. Always discuss these results with your doctor for a more personalized evaluation.

Figure A3: GPT4 response in the GDM case study.

Based on your condition, the medical deep learning model predicts that you currently have gestational diabetes. By comparing your examination results with similar past cases, most of
which were diagnosed with gestational diabetes, the following recommendations are provided:
1.Dietary Adjustments:
• Follow a low-sugar, high-fiber diet, with an emphasis on fresh vegetables and fruits.
• Control the intake of staple foods such as rice and noodles, opting for whole grains.
• Avoid high-sugar foods and drinks, such as desserts, juices, and sugary beverages.
• Eat at regular intervals to prevent low blood sugar from prolonged periods without eating.
2.Regular Blood Sugar Monitoring:
• Monitor your blood sugar regularly as recommended by your doctor to track control progress.
• Adjust your diet and lifestyle promptly if blood sugar abnormalities are detected.
3.Appropriate Exercise:
• Engage in moderate aerobic exercises, such as walking or prenatal yoga, under medical supervision.
• Avoid intense exercise or high-risk activities to reduce the risk of miscarriage or preterm labor.
4.Prenatal Care:
• Keep up with regular prenatal visits to monitor fetal development.
• Seek medical attention promptly if you experience abnormal symptoms, such as reduced fetal movement or abdominal pain.
5.Mental Health:
• Maintain a positive mindset and avoid excessive anxiety or stress.
• Share the joys and challenges of pregnancy with family and friends, seeking support when needed.
6.Follow Medical Advice:
• If insulin or other medications are prescribed, follow the doctor's instructions strictly.
7.Learn Relevant Information:
• Educate yourself about gestational diabetes to improve self-management.
Please note that these recommendations are for reference only. The specific treatment plan should be based on the doctor's professional judgment. Wishing you a healthy and smooth
pregnancy!

Ours

Figure A4: PPL response in the GDM case study.
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GLM4
Based on the prenatal check-up results you've provided, here are some general recommendations. However, please note that these are general suggestions, and it's crucial to consult with
your healthcare provider for personalized advice.
1. pH (6.0, 8.0): The pH level seems to be outside the normal range for blood (7.35-7.45). This could be a lab error or an indication of an underlying issue. Please follow up with your
healthcare provider.
2. Albumin (38.0 g/L): This is within the normal range, indicating good protein levels.
3. Total Protein (74.6 g/L): This is also within the normal range.
4. Bilirubin (Indirect, Direct, and Total): Your bilirubin levels are normal, which suggests that your liver is functioning well.
5. Alkaline Phosphatase (38.0, 120.0 U/L): The last value is high and could indicate liver dysfunction or other conditions. Further investigation is needed.
6. Alanine Aminotransferase (ALT) (26.0 U/L): This is within the normal range, suggesting no significant liver damage.
7. Total Bile Acids (0.8, 1.4 μmol/L): The last value is slightly high and could be related to gallbladder or liver function. Follow up with your doctor.
8. Platelet Count and Related Parameters:Most of these values are within normal ranges, but the last measurement of platelet count (288.0 x 10^9/L) is on the lower side of normal.
Monitor this closely.
9. Hemoglobin (119.0 g/L): This is slightly low and could indicate anemia, which is common during pregnancy. Discuss with your doctor about iron supplementation.
Red Blood Cell (RBC) Count and Hematocrit: These values are within normal ranges.
10. White Blood Cell (WBC) Count (326.0 x 10^9/L): This is slightly elevated and could indicate an infection or inflammation. Monitor this with your healthcare provider.
General Recommendations:
• Follow up with your healthcare provider to discuss any abnormal results.
• Ensure a balanced diet rich in iron, folic acid, and other essential nutrients.
• Stay hydrated and engage in regular, gentle exercise as recommended by your doctor.
• Attend all scheduled prenatal appointments for monitoring and support.
Remember, these recommendations are not a substitute for professional medical advice. Always consult with your healthcare provider for specific guidance related to your pregnancy.

Figure A5: GLM4 response in the normal case study.

GPT4
Based on the medical test results provided, here are some general observations and recommendations for you as a pregnant woman:
1.pH (Acid-Base Balance) (6.0-8.0): Your pH levels seem to vary within the normal range (6.0 to 8.0). Maintaining an optimal pH is crucial during pregnancy to ensure proper
metabolic and respiratory function. Ensure you stay hydrated and follow a balanced diet with adequate electrolytes.
2.Albumin (38.0 g/L) and Total Protein (74.6 g/L): Your albumin and total protein levels appear normal. These proteins are essential for maintaining proper blood volume and pressure.
Ensure you are getting sufficient protein from your diet.
3.Bilirubin Levels (Direct, Indirect, and Total): Your bilirubin levels have fluctuated but appear to remain within a generally normal range (direct bilirubin: 0.5-1.9 µmol/L, indirect
bilirubin: 6.4-6.9 µmol/L). High bilirubin can indicate liver or bile duct problems, so it is important to monitor these levels regularly during pregnancy.
4.Alkaline Phosphatase (ALP): Elevated levels of ALP (such as 120 U/L) may be expected in pregnancy, as it can come from the placenta. However, persistently high levels should be
investigated further to rule out liver or bone conditions.
5.Alanine Aminotransferase (ALT): This enzyme is an indicator of liver function. Your ALT levels are normal, suggesting there are no immediate concerns with liver function.
6.Prealbumin: Levels seem to be in a healthy range. Prealbumin is a good marker for nutritional status, and it's important to maintain proper nutrition to support both your health and
the development of your baby.
7.Platelets and Blood Cell Parameters:
• Your platelet count and volume parameters (e.g., Platelet Count, Mean Platelet Volume, Platelet Distribution Width) are generally within normal ranges. However, some variability in
platelet count may be observed during pregnancy, and it's important to monitor for any abnormal changes that could suggest thrombocytopenia or other conditions.
• Red blood cell parameters, such as hemoglobin, hematocrit, and red blood cell distribution width (RDW), are important for assessing anemia. Your levels appear to be within
expected ranges, but keep track of any signs of anemia (e.g., fatigue or dizziness).
8.White Blood Cells and Differential Count: Your white blood cell count (WBC) is in the normal range, and the differential count (e.g., neutrophils, lymphocytes) appears balanced,
indicating no signs of infection or significant immune response at this time.
9.Other Recommendations:
• Stay hydrated:Maintaining proper fluid intake is important for kidney function and overall health during pregnancy.
• Monitor for symptoms: Be mindful of any changes in your health, such as jaundice (yellowing of the skin or eyes), fatigue, or swelling, which may indicate liver, kidney, or blood-
related issues.
• Nutritional balance: Ensure you are eating a balanced diet rich in proteins, vitamins (especially iron and folic acid), and minerals to support your pregnancy. If you have concerns
about your diet, consider consulting with a nutritionist.
• Regular check-ups: Continue regular prenatal visits to monitor your blood work and other health indicators to ensure both you and your baby are doing well.
Please consult with your healthcare provider for a more personalized interpretation of your results and for any specific concerns based on your pregnancy stage.

Figure A6: GPT4 response in the normal case study.

Ours
Based on your pregnancy prediction results and the information from past patients with similar examination results, the following recommendations are provided:
1.Regular Prenatal Check-ups: Although the prediction results are normal, regular prenatal visits are still very important to monitor the health of both the mother and the baby.
2.Monitor Fetal Movement: Pay attention to fetal movement. Reduced movement may be a sign of fetal distress, and medical attention should be sought promptly.
3.Balanced Diet: Ensure adequate nutrition, especially important nutrients such as protein, iron, and folic acid, which are vital for both the mother and the baby.
4.Moderate Exercise: Moderate exercise can improve circulation and strengthen muscles, but avoid intense physical activity.
5.Maintain Healthy Lifestyle Habits: Refrain from smoking and alcohol consumption, avoid exposure to harmful substances, and maintain good sleep quality.
6.Monitor Thyroid Function: Although your current prediction is normal, thyroid dysfunction is closely related to both maternal and fetal health. Regular monitoring of thyroid
function is recommended.
7.Monitor Fetal Heart Rate: The fetal heart rate is an important indicator of fetal health. If any abnormalities are detected, seek medical attention immediately.
8.Prevent Premature Rupture of Membranes: Avoid heavy lifting, intense physical activities, and sexual intercourse. Keep the genital area clean.
9.Maintain a Positive Mental Outlook: Stay optimistic and avoid excessive stress and anxiety.
Please follow the doctor's advice and integrate these recommendations into your prenatal care and daily life. If you experience any discomfort or have concerns, seek medical attention
promptly. Wishing you a smooth pregnancy and a healthy baby!

Figure A7: PPL response in the normal case study.
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