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Abstract

Biomedical data-to-text generation aims at gen-
erating textual natural language descriptions
that can fluently and precisely describe the
biomedical structured data. However, biomed-
ical data-to-text generation faces the dilemma
of a lack of labeled data due to the privacy
and scarcity of medical data. Large language
models (LLMs) have demonstrated the abil-
ity to solve few-shot tasks through in-context
learning (ICL). In this paper, we are the first to
explore the performance of different LLMs in
the biomedical data-to-text generation task. To
address the issues of semantic sparsity and mis-
interpretation of numerical values in biomed-
ical structured data, we propose an EAG (En-
rich, Aggregate, and Generate) framework, a
simple but efficient LLM-based three-stage
biomedical D2T approach in low-resource sce-
narios. We conduct extensive evaluations of
closed-source general LLMs, open-source gen-
eral LLMs, and open-source medical LLMs.
The results show that EAG framework provides
good interpretability and superior performance,
achieving state-of-the-art performance on the
BioLeaflets dataset. The code and data will be
released upon acceptance.

1 Introduction

Data-to-text generation (D2T) (Lin et al., 2024) is
an essential branch of Natural Language Genera-
tion (NLG), aiming at generating textual natural
language descriptions that can fluently and pre-
cisely describe the structured data. Data-to-text
generation has a wide variety of application sce-
narios in biomedicine, such as producing accurate
and reliable assay validation reports (AVR), tox-
icology reports (Wu et al., 2022), clinical cases
(Boulanger et al., 2024), and package leaflets of
medicinal products (Yermakov et al., 2021).

In recent years, supervised natural language gen-
eration models have shown the ability to generate
natural language text at an astounding degree of

fluency and coherence, due to the advent of pre-
trained language models (PLMs) such as BART
(Lewis et al., 2020) and TS5 (Raffel et al., 2020).
However, biomedical data-to-text generation (es-
pecially in high-risk scenarios such as drug safety)
faces the dilemma of a lack of labeled data due
to the privacy and scarcity of medical data. To
address this concern, researchers are exploring al-
ternative methods in low-resource scenarios. Fortu-
nately, large language models (LLMs) that contain
hundreds of billions (or more) of parameters can
solve few-shot tasks through in-context learning
(ICL), which incorporates input-output demonstra-
tions into the prompt.

However, to the best of our knowledge, exist-
ing research has not explored the performance of
LLM:s in biomedical data-to-text generation tasks.
In this paper, we unprecedentedly use LLMs to
generate medicinal product descriptions with only
a few-shot examples. Unfortunately, the data con-
struction method of the medicinal product informa-
tion suffers from severe semantic sparsity, where
the extracted entity list omits meaningful informa-
tion from the original text. Therefore, we found
that using LLMs directly for end-to-end biomed-
ical data-to-text generation has many drawbacks,
such as the inability to accurately and completely
describe the content and the tendency to misinter-
pret numerical values, often mistakenly assigning
them to unexpected sentences.

To address these high-risk challenges and data
scarcity, we proposed the EAG (Enrich, Aggregate,
and Generate) framework, a simple but efficient
LLM-based three-stage biomedical D2T approach
in low-resource scenarios. Specifically, the first
stage of our proposed EAG framework is to enrich
the semantics of structured inputs. Then this frame-
work explicitly performs micro-planning in stage 2
before the text generation process, improving the
interpretability of LLMs while taking advantage of
LLMs’ powerful in-context learning capability.



The contributions of this paper are summarized
as follows:

* We are the first to explore the effectiveness of
different LLMs in the biomedical data-to-text
generation task.

* We propose an EAG (Enrich, Aggregate, and
Generate) framework, a simple but efficient
LLM-based three-stage biomedical D2T ap-
proach to address the issues of semantic spar-
sity and misinterpretation of numerical values
in biomedical structured data in low-resource
scenarios.

* We conduct extensive evaluations of closed-
source general LLMs, open-source general
LLMs, and open-source medical LLMs. The
results show that our proposed EAG frame-
work provides good interpretability and supe-
rior performance, outperforming various base-
line methods.

* We have constructed and publicly released a
multi-version semantic-enhanced dataset (En-
riched BioLeaflets) to facilitate research in
this field.

The rest of the paper is organized as follows: Sec-
tion 2 reviews the related work. Section 3 presents
the details of our EAG framework. Section 4 shows
experimental results and the case study, followed
by a conclusion in Section 5.

2 Related Work

2.1 Biomedical Data-to-Text Generation

Data-to-text generation (D2T) (Lin et al., 2024)
aims to generate textual natural language state-
ments that fluently and precisely describe the struc-
tured data, such as graphs, tables, and meaning
representations (MRs) in key-value pairs. In nat-
ural language processing, the data-to-text genera-
tion task has been a hotbed of research for many
years. Significantly, structured data in the biomed-
ical domain contains valuable information about
individuals, treatments, and medications. There-
fore, the research significance of biomedical data-
to-text generation tasks is extraordinary. To pro-
duce accurate and reliable assay validation reports
(AVR) and toxicology reports in medical table-to-
text generation, Wu et al. (2022) proposed a novel
two-step architecture containing the table extractor

and the table generator, which is enhanced by auto-
correction, copy mechanism, and synthetic data
augmentation. TS-MRGen (Nishino et al., 2020)
introduced a data-to-text generation module to the
image diagnosis module for controllable medical
report generation, improving the correctness and
conciseness of generated reports. Boulanger et al.
(2024) fine-tuned several pre-trained language mod-
els (PLMs) with different architectures (encoder-
decoder and decoder-only) on French clinical cases,
then generated clinical cases conditioned by patient
demographic information (gender and age) and
clinical features. Due to the privacy and scarcity
of medical data (Amin-Nejad et al., 2020), there
are few publicly available biomedical D2T datasets.
Therefore, Yermakov et al. (2021) released a new
real-world dataset (BioLeaflets) for benchmarking
data-to-text generation models in the biomedical
domain. They also presented baseline results of
fine-tuning the PLMs such as BART (Lewis et al.,
2020) and T5 (Raffel et al., 2020). In this paper, we
are specifically interested in understanding various
LLMs’ capabilities on the biomedical D2T task.

2.2 Large Language Models in Medicine

Large language models (LLMs), such as Chat-
GPT (Achiam et al., 2023), have received a great
deal of attention due to their exceptional human
language understanding and generation abilities.
Thus, applying LLMs to medicine to assist doctors
and patients appears to be a promising area of re-
search in both artificial intelligence and medicine
(Thirunavukarasu et al., 2023). Existing medi-
cal LLMs (Zhou et al., 2023) are primarily con-
structed through the following four methods: (1)
pre-training from scratch with a large amount of un-
supervised medical corpus, such as GatorTronGPT
(Peng et al., 2023); (2) continual pre-training based
on general LLMs, such as MEDITRON (Chen
et al., 2023b), Zhongjing (Yang et al., 2024b),
PMC-LLaMA (Wu et al., 2023), ChiMed-GPT
(Tian et al., 2023) and Qilin-Med (Ye et al., 2023);
(3) fine-tuning from existing general LLMs, such
as PULSE (Xiaofan Zhang, 2023), Baize (Xu et al.,
2023), BenTsao (Wang et al., 2023b), BianQue
(Chen et al., 2023a), Clinical GPT (Wang et al.,
2023a), CPLLM (Shoham and Rappoport, 2023)
and Med-Gemini (Saab et al., 2024); (4) obtaining
directly by prompting to align general LLMs to the
medical domain, such as MedPrompt (Nori et al.,
2023) and DeID-GPT (Liu et al., 2023). Continu-
ing pre-training and fine-tuning based on general
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Figure 1: Overview of our EAG framework.

LLMs has become the most efficient and low-cost
training paradigm for domain-specific LLMs. The
commonly used medical data for training medical
LLMs include multi-turn doctor-patient dialogues,
medical exam Q&A, medical knowledge graphs,
medical literature, medical books, Wikipedia, and
electronic health records (EHRs). Furthermore,
medical LLMs are typically evaluated on two pop-
ular types of downstream tasks: (1) discriminative
tasks, which include question answering, entity
extraction, relation extraction, text classification,
natural language inference, semantic textual sim-
ilarity, and information retrieval; (2) generative
tasks, which include medical text summarization
(Mathur et al., 2023; Nair et al., 2023), medical text
generation (Milintsevich and Agarwal, 2023), and
biomedical text simplification (Ondov et al., 2022).
However, to our knowledge, existing research has
not explored the performance of these LLMs in
biomedical data-to-text generation tasks.

3 Methodology

In this section, we present our proposed EAG
framework (as shown in Figure 1), an effective
LLMs-based three-stage (Enrich, Aggregate, and
Generate) biomedical D2T approach. The prompt
format used for EAG framework is shown in Figure
4 in Appendix B.

3.1 Stage 1: Enrich

As shown in Figure 1, the product information for
medicinal products is structured data in the form of
key-value pairs. The keys in key-value pairs are ac-
tually entity types in the NER process of construct-
ing the BioLeaflets dataset. However, this data
construction method suffers from severe semantic
sparsity, where the extracted entity list omits mean-
ingful information from the original text. To allevi-
ate this issue, the first stage of our proposed EAG
method is to enrich the semantics of structured in-
puts. Specifically, we constructed a multi-version
semantic-enhanced BioLeaflets dataset through the
following steps:

(1) Clean the original BioLeaflets dataset. In
the first step, we filter out the section that contains
null. Table 1 shows the number of samples filtered
out for each section type. We found that the major-
ity of samples with null values appeared in Section
5 (How to store the product), totaling 311.

(2) Enrich the semantics of the cleaned Bi-
oLeaflets. In the second step, we mainly enrich
the overall semantics of key-value pairs by adding
two types of important information from the orig-
inal product description: (a) UNIT for numerical
values; (b) STATE and COLOR about the drug or
solution.

(3) Divide entity sets for different sentences.
In the traditional approach of D2T, micro-planning



Section type Train Valid Test Total | Original total Null
1. What the product is and what it is used for 1049 129 133 1311 1314 3
2. What you need to know before you take the product| 1046 130 133 1309 1309 0
3. How to take the product 1044 133 133 1310 1313 3
4. Possible side effects 1028 130 129 1287 1295 8
5. How to store the product 682 98 81 861 1172 311
6. Content of the pack and other information 1042 129 133 1304 1311 7

Table 1: Enriched BioLeaflets dataset statistics grouped by section type.

aims to convert a content plan into a sequence of
sentences or phrases. It usually consists of three
modules: aggregation, lexicalization, and referring
expression generation. Aggregation is the process
of grouping selected structured data together into
sentences. In the third step, to construct demonstra-
tion examples for the second stage, we divide the
ordered key-value pairs into sentences and insert
special tokens (<sentence> and </sentence>) at the
beginning and end of each sentence.

(4) Select demonstration examples for ICL.
LLMs were shown to be able to adapt to new tasks
by only seeing a few examples of the new task in
their input, as opposed to needing additional train-
ing data or fine-tuning. This is typically referred to
as In-Context Learning (ICL). LLMs generally ben-
efit from more demonstrations, but as the number
of demonstrations increases, the rate of improve-
ment typically decreases (Xu et al., 2024). One
barrier to increasing the number of demonstrations
is the maximum context size of the LLM. As shown
in the implementation details of the fourth section,
the minimum context window for various LLMs in
this paper is 8k. For a model with an 8k context
window, the input can only contain up to 3 demon-
stration examples in this biomedical D2T task. As
shown in Figure 2, by applying the k-means clus-
tering technique, we categorize all demonstrations
into k sub-groups (k = 3), aiming to group similar
demonstrations. We pick the most representative
demonstration from each sub-group, resulting in a
final set of k demonstrations.

3.2 Stage 2: Aggregate

Neural modular approaches to D2T have proven
that introducing a content planning stage before
text generation can effectively enhance controlla-
bility and faithfulness (Lin et al., 2024). Therefore,
our EAG framework added an Aggregate stage be-
fore the third stage (Generate) to explicitly teach
the model micro-planning. As shown in Figure 1,

Figure 2: Demonstration Examples Selection by cluster-
ing (k=3) for 6 sections.

the input structured data in this stage is enriched
product information, and the output is aggregated
product information, which is composed of multi-
ple sets of key-value pairs belonging to different
sentences. We will add k demonstration examples
in the input prompts of the LLMs for In-Context
Learning. Through this stage, the model can better
assign each numerical value to the appropriate sen-
tence and determine the actual meaning that each
numerical value represents. It has partially reduced
the ambiguity brought forth by the same number.

3.3 Stage 3: Generate

As shown in Figure 1, the Generate stage aims to
convert aggregated product information into natu-
ral language text that describes input accurately and
fluently. In this stage, we will also add k demon-
stration examples in the input prompts of the LLMs
for In-Context Learning. The input of the demon-
stration example is aggregated product informa-
tion, and the output is the product description. The
prompt format used in this stage is also shown in
Figure 4. Essentially, it is equivalent to execut-
ing the three modules in the traditional pipeline
architecture, including lexicalization, referring ex-
pression generation, and linguistic realization.



4 Experiments and Analysis

In this section, we describe our experimental setup
and report the evaluation results. Through com-
parative analysis with other baselines, we demon-
strate the efficacy of our framework in the field of
biomedical data-to-text generation.

4.1 Datasets

BioLeaflets (Yermakov et al., 2021) is a publicly
available biomedical dataset for D2T generation, a
corpus of 1336 package leaflets of medicines au-
thorized in Europe. Package leaflets, which come
in the packaging of medicinal products, provide
patients with instructions on how to use the prod-
ucts safely and appropriately under the guidance of
their healthcare professional. Package leaflets must
be written clearly and straightforwardly. There are
six sections in every document (see Table 1). This
dataset is randomly split into training (80%), de-
velopment (10%), and test (10%) sets. BioLeaflets
proposes a conditional generation task: given an
ordered set of entities as the source, the goal is to
produce a multi-sentence section. It presents sev-
eral challenges for the D2T task, including syntax,
specialist medical vocabulary, a small sample size,
and target text that is multi-sentence and multi-
sectional.

4.2 Evaluation Metrics

We evaluate the generated description text from the
following two aspects:

(1) We first assessed the informativeness of the
generated texts using SacreBLEU (Post, 2018),
ROUGE-L (Lin, 2004), and METEOR (Lavie and
Agarwal, 2007), which measure lexical similarity
by calculating the overlap of n-gram at the word
level between the generated texts and the ground-
truth descriptions.

(2) We second computed the contextual
embedding-based metrics BERTScore (Zhang
et al., 2020), MoverScore (Zhao et al., 2019), and
BLEURT (Sellam et al., 2020) to evaluate the se-
mantic similarity between the generated texts and
the ground-truth descriptions.

4.3 Baselines

In these experiments, we mainly take into account
the following baseline models'.
(1) Non-pre-trained Models

'To ensure a fair comparison, all models were evaluated
under identical hyperparameters unless otherwise stated.

* Content Planner: an LSTM-based neural
D2T network architecture (Puduppully et al.,
2019) that incorporates content selection and
planning without sacrificing end-to-end train-
ing. Following Yermakov et al. (2021), we
only use the content planning stage (encoder-
decoder architecture with an attention mecha-
nism) since only relevant entities are input to
the model.

(2) Pre-trained Language Models (PLMs)

* TS: a text-to-text transfer transformer model
(Raffel et al., 2020). We use the same hyperpa-
rameters reported by Yermakov et al. (2021):
constant learning rate of 0.001, batch size of
32, 20 epochs, and greedy search as a decod-
ing method.

* BART: a denoising autoencoder (Lewis et al.,
2020) for pre-training sequence-to-sequence
models with transformers. Following Yer-
makov et al. (2021), we use the same hyper-
parameters as per TS5 fine-tuning.

* BART and T5 with conditioning: follow-
ing Yermakov et al. (2021), we also add the
prefix “sectionn” (n=1, 2,. . . , 6) to the
linearized input data. By doing this, the sec-
tion type precondition for text generation is
enforced, and the model is explicitly provided
with information about the section number.

(3) Large Language Models (LLMs)

This family of LLMs contains tens or hundreds
of billions of parameters. In this paper, we also add
a baseline method that directly uses the following
LLMs to accomplish the biomedical data-to-text
generation task in a zero-shot manner.

* Closed-source general LLMs: we choose
two models in ChatGPT: gpt-40-2024-05-13
and gpt-4o0-mini-2024-07-18.

* Open-source general LLMs: we choose
three powerful open-source general LLMs,
such as LLaMA-3-8B (Meta, 2024), Qwen2-
7B-Chat (Yang et al., 2024a), and InternLM-
20B-Chat (Team, 2023).

* Open-source medical LLMs: we specifically
selected two models, Llama-3-Physican-8B-
Instruct (Guo et al., 2024) and PULSE-20B
(Xiaofan Zhang, 2023), which were further



Method Word-overlap metrics Semantic equivalence metrics
SacreBLEU ROUGE-L METEOR | BERTScore MoveScore BLEURT
Non-LLM Methods
Content Planner *27.78 39.32 - 0.214 0.591 -0.072
BART-base 08.76 42.73 - *0.370 0.609 *0.268
BART-base+cond 08.73 42.60 - 0.369 0.608 *0.268
T5-base 18.68 47.22 - 0.363 0.620 0.255
T5-base+cond 18.63 *47.31 - 0.364 *0.621 0.256
Closed-source general LLMs
GPT-40 zero-shot 21.45 47.14 38.19 0.746 0.619 -0.374
GPT-40 3-shot ICL 30.52 55.05 54.15 0.824 0.659 -0.148
GPT-40 3-shot EAG *32.71 *58.96 *54.95 *0.832 *0.667 -0.115
GPT-40 mini zero-shot 19.77 36.92 38.53 0.789 0.623 -0.089
GPT-40 mini 3-shot ICL 27.38 46.88 42.21 0.810 0.641 -0.070
GPT-40 mini 3-shot EAG 31.30 53.47 44.72 0.831 0.654 *-0.012
Open-source general LLMs
LLaMA-3-8B zero-shot 10.73 31.48 29.92 0.730 0.593 -0.293
LLaMA-3-8B 3-shot ICL 17.76 39.52 36.32 0.756 0.608 -0.283
LLaMA-3-8B 3-shot EAG 21.53 40.71 *46.54 0.774 0.615 -0.301
InternLM-20B-Chat zero-shot 07.51 24.81 22.56 0.724 0.578 -0.339
InternLM-20B-Chat 3-shot ICL 10.90 29.42 26.01 0.713 0.583 -0.415
InternLM-20B-Chat 3-shot EAG 13.19 34.41 28.02 0.726 0.590 -0.367
Qwen2-7B-Chat zero-shot 10.72 34.07 28.65 0.721 0.595 -0.308
Qwen2-7B-Chat 3-shot ICL 23.57 40.23 38.16 0.738 0.614 -0.229
Qwen2-7B-Chat 3-shot EAG *26.60 *46.38 40.90 *0.806 *0.636 *-0.065
Open-source medical LLMs
Llama-3-Physician-8B-Instruct zero-shot 06.92 23.18 24.59 0.686 0.566 -0.506
Llama-3-Physician-8B-Instruct 3-shot ICL 20.51 38.11 38.93 0.770 0.614 -0.249
Llama-3-Physician-8B-Instruct 3-shot EAG *22.13 *42.47 *41.63 0.771 *0.620 -0.247
PULSE-20B zero-shot 09.31 27.08 27.12 0.741 0.590 -0.241
PULSE-20B 3-shot ICL 16.15 33.49 31.09 0.739 0.600 -0.283
PULSE-20B 3-shot EAG 19.33 40.27 35.70 *0.777 0.616 *-0.178

Table 2: Performance comparisons of the automatic evaluation on the BioLeaflets dataset. * denotes the best
performance within the same type (non-LLMs, closed-source general LLMs, open-source general LLMs, open-

source medical LLMs).

pre-trained and fine-tuned using medical do-
main data based on the general LLMs men-
tioned above (LLaMA-3-8B and InternLM-
20B-Chat).

4.4 Implementation Details

(1) Closed-source General LLMs: The context
window size for both gpt-40-2024-05-13 and gpt-
40-mini-2024-07-18 is 128k. To minimize the
impact of randomness during the experiment, we
use a temperature of 0.01 without any frequency
penalty and top-k=1. The complete experiment
of gpt-40-2024-05-13 and gpt-40-mini-2024-07-18
consumed a total of 191.81 US dollars.

(2) Open-source General LLMs: The con-
text windows for LLaMA-3-8B, InternLM-20B-
Chat, and Qwen2-7B-Chat are 8k, 16k, and 32Kk,
respectively. We use the same hyperparameters
for these open-source models: temperature=0.01,
penalty=1.02, max_new_tokens=2500, and top-
k=1. Top-p is set to 0.9, 0.8, and 0.8 on LLaMA-
3-8B, Intern.M-20B-Chat, and Qwen2-7B-Chat,
respectively. The total inference time for LLaMA-

3-8B, InternLM-20B-Chat, and Qwen2-7B-Chat
on H80O0 is 8h, 40h, and 13h, respectively.

(3) Open-source Medical LLMs: The context
window and hyperparameter settings of Llama-3-
Physion-8B-Instruct are the same as its base model
(LLaMA-3-8B). The context window and hyper-
parameter settings of PULSE-20B are the same as
its base model (InternL.M-20B-Chat). The total in-
ference time for Llama-3-Physion-8B-Instruct and
PULSE-20B on H800 is 9h and 43h, respectively.

4.5 Main Results and Analysis

Table 2 presents the comparison of automatic eval-
uation results between EAG and other baselines on
the BioLeaflets dataset. From Table 2, it can be
seen that our proposed EAG framework is gen-
erally superior to other methods regarding the
three word-overlap metrics (SacreBLEU, ROUGE-
L, and METEOR) and two semantic equivalence
metrics (BERTScore and MoverScore). In low-
resource scenarios, the 3-shot EAG method is al-
ways superior to the ordinary ICL method and has a
significant improvement over the zero-shot setting.



Method Word-overlap metrics Semantic equivalence metrics
SacreBLEU ROUGE-L METEOR | BERTScore MoverScore BLEURT
Closed-source general LLMs
GPT-40 mini 0-shot EAG 19.77 36.92 38.53 0.789 0.623 -0.089
GPT-40 mini 1-shot EAG 28.67 51.68 42.84 0.822 0.647 -0.049
GPT-40 mini 2-shot EAG 30.11 53.32 44.01 0.828 0.652 -0.012
GPT-40 mini 3-shot EAG w/o Enrich 27.38 46.88 42.21 0.810 0.641 -0.070
GPT-40 mini 3-shot EAG w/o Aggregate 27.26 47.11 42.24 0.810 0.641 -0.067
GPT-40 mini 3-shot EAG 31.30 53.47 44.72 0.831 0.654 -0.012
GPT-40 mini 4-shot EAG 31.77 54.33 45.26 0.831 0.655 -0.006
GPT-40 mini 5-shot EAG 31.98 54.41 45.32 0.833 0.656 -0.008
Open-source general LLMs
Qwen2-7B-Chat 0-shot EAG 10.72 34.07 28.65 0.721 0.595 -0.308
Qwen2-7B-Chat 1-shot EAG 21.60 43.66 36.55 0.787 0.623 -0.125
Qwen2-7B-Chat 2-shot EAG 24.55 45.86 39.25 0.793 0.630 -0.100
Qwen2-7B-Chat 3-shot EAG w/o Enrich 23.57 40.23 38.16 0.738 0.614 -0.229
Qwen2-7B-Chat 3-shot EAG w/o Aggregate 23.82 40.33 38.05 0.738 0.614 -0.223
Qwen2-7B-Chat 3-shot EAG 26.60 46.38 40.90 0.806 0.636 -0.065
Qwen2-7B-Chat 4-shot EAG 23.36 44.47 38.23 0.765 0.620 -0.224
Qwen2-7B-Chat 5-shot EAG 24.95 44.65 39.09 0.776 0.626 -0.187
Open-source medical LLMs
PULSE-20B 0-shot EAG 09.31 27.08 27.12 0.741 0.590 -0.241
PULSE-20B 1-shot EAG 13.22 33.09 29.67 0.757 0.601 -0.213
PULSE-20B 2-shot EAG 14.69 35.24 30.22 0.726 0.593 -0.342
PULSE-20B 3-shot EAG w/o Enrich 16.15 33.49 31.09 0.739 0.600 -0.283
PULSE-20B 3-shot EAG w/o Aggregate 15.77 33.84 31.07 0.742 0.600 -0.280
PULSE-20B 3-shot EAG 19.15 40.27 35.70 0.777 0.616 -0.178
PULSE-20B 4-shot EAG 20.49 40.25 34.76 0.751 0.613 -0.258
PULSE-20B 5-shot EAG 16.08 35.77 32.09 0.746 0.603 -0.262

Table 3: Ablation experiments on the BioLeaflets dataset. w/o: without.

The 3-shot EAG method achieves state-of-the-art
performance on the BioLeaflets dataset using pow-
erful LLMs. We further analyze the experimental
results through the following three perspectives:

(1) Few-shot ICL vs Full Fine-tuning. As the
parameter size of the pre-trained model continues
to increase, so does the cost of fine-tuning the pre-
trained model, due to this way modifies all parame-
ters of the pre-trained model. However, few-shot
ICL with LLMs (such as Qwen2) can achieve com-
petitive results with the full-parameter fine-tuned
BART and T5. Therefore, ICL with LLMs is more
suitable for low-resource scenarios, achieving low-
cost and high-quality text generation.

(2) Few-shot EAG vs Few-shot ICL. As shown
in Table 2, the performance of 3-shot EAG is al-
most superior to that of 3-shot ICL in all met-
rics, even in different LLMs. All closed-source
and open-source LLMs utilizing the EAG frame-
work have shown significant improvements in all
word-overlap metrics. GPT-40 performs the best
in closed-source LLMs, while Qwen2-7B-Chat
performs the best in open-source LLMs. It is
worth noting that the Qwen2-7B-Chat 3-shot EAG
achieved 0.806 on BERTScore, which is more than
twice that of the BART and T5 models. Overall,
the product description produced by 3-shot EAG

is more fluent, factual, and grammatically correct
than those by 3-shot ordinary ICL.

(3) General LLMs vs Medical LLMs. To ex-
plore whether the use of medical domain data for
continual pre-training (CPT) of general LLMs can
improve the effectiveness of this D2T task, we
chose two pairs of LLMs for comparison. Specifi-
cally, the first group compared LLaMA-3-8B and
Llama-3 Physican-8B-Instruct, while the second
group compared InternL.M-20B-Chat and PULSE-
20B. From Table 2, it can be seen that Llama-3
Physican-8B-Instruct outperforms LLaMA-3-8B
in over half of the automatic evaluation metrics
in the 3-shot EAG setting. Even more interesting
is that PULSE-20B outperforms its base model,
InternLM-20B-Chat, across all six automatic evalu-
ation metrics. Therefore, we can conclude that con-
tinual pre-training (CPT) with medical domain data
based on general LLMs can improve the model’s
performance on biomedical D2T tasks.

4.6 Ablation Study

Moreover, to verify the effectiveness of different
modules, we compare EAG with its variants on
three representative LLMs (GPT-40 mini, Qwen2-
7B-Chat, and PULSE-20B) with at least a 16k con-
text window, as an 8k context window can only



contain a maximum of 3 demonstration examples
of BioLeaflets. Table 3 shows our ablation experi-
mental results. We then further explore the factors
that affect the performance of the LLMs based on
the following four questions:

(1) Is few-shot better than zero-shot?

As shown in Table 3, the results of all few-shot
EAG with demonstration examples are significantly
better than those of zero-shot EAG. On three word-
overlap metrics, few-shot EAG improved by over
6% in all LLMs. Under the few-shot setting, all
LLMs improved by over 2% on all semantic equiv-
alence metrics compared to zero-shot setting.

(2) Are more demonstration examples better?

To investigate the impact of the number of
demonstration examples on models with differ-
ent contextual window sizes, we tested the per-
formance of three LLMs from 1-shot to 5-shot. As
shown in Table 3, both Qwen2-7B-Chat (32k) and
PULSE-20B (16k) achieved their best performance
at 3-shot, while GPT-40 mini (128k) still showed a
trend of better model performance with increasing
examples in the context. Therefore, the model’s
ICL ability is limited by its contextual window. Pro-
viding more demonstration examples in the input
can improve the model’s performance for LLMs
with a larger context window.

(3) Is the stage 1 (Enrich) effective?

To verify whether stage 1 (Enrich) is effective for
the LLMs, we compared the results of 3-shot EAG
w/o Enrich and 3-shot EAG. Table 3 shows that
compared to 3-shot EAG, 3-shot EAG w/o Enrich
exhibits significant performance degradation across
all evaluation metrics. It indicates that stage 1 (En-
rich) plays a crucial role in the EAG framework for
different LLMs (GPT-40 mini, Qwen2-7B-Chat,
and PULSE-20B).

(4) Is the stage 2 (Aggregate) effective?

To verify whether stage 2 (Aggregate) is effec-
tive for the different LLMs, we also compared the
results of 3-shot EAG w/o Aggregate and 3-shot
EAG. Interestingly, 3-shot EAG w/o Aggregate ex-
hibits almost the same results as 3-shot EAG w/o
Enrich. This indicates that removing either stage 1
or stage 2 from the EAG framework will result in a
significant decline in the performance of the LLMs.
Therefore, stage 2 (Aggregate) is also a decisive
factor in EAG, as it explicitly prompts the model
to perform correct content planning.

4.7 Case Study

To understand the effect of our method more intu-
itively, we select one representative example (Af-
styla) and present its descriptions generated by dif-
ferent settings (3-shot ICL, 0-shot EAG, and 3-shot
EAG) with the powerful GPT-40 mini model in Fig-
ure 3 in Appendix A. We can see that the GPT-40
mini model can learn the same schema from multi-
ple demonstration examples under the 3-shot ICL
setting, but its understanding of numerical values
is still incorrect. In addition, although the GPT-40
mini model follows the aggregation instructions
under the 0-shot EAG setting, it cannot accurately
understand the task due to the lack of demonstra-
tion examples. It is satisfying that 3-shot EAG not
only learns potential templates from the reference
text through contextual examples (as shown in the
first sentence of section 5, which is usually "Keep
this medicine out of the sight and reach of chil-
dren") but also correctly understands the meaning
represented by the numbers ("3 months"). Over-
all, the case reveals that 3-shot EAG is the optimal
solution.

5 Conclusion

In this paper, we are the first to explore the ef-
fectiveness of different large language models in
the biomedical data-to-text generation task. To
address the issues of semantic sparsity and mis-
interpretation of numerical values in structured
data, we propose an EAG (Enrich, Aggregate, and
Generate) framework, a simple but efficient LLM-
based three-stage biomedical D2T approach. Ex-
periments on different LLMs have shown that our
EAG framework achieves SOTA performance on
the BioLeaflets dataset with only three demonstra-
tion examples. In the future, we plan to continue
pre-training more powerful open-source general
LLMs with high-quality medical domain data to
improve performance in the biomedical D2T task.

Limitations

Our approach has the following limitations: (1)
The contextual examples chosen by k-means clus-
tering are not necessarily the most appropriate, and
there is still much room for improvement. (2) This
method is still costly because it can only perform
well based on large language models. Therefore,
we need to think about how to give similar micro-
planning and surface realization powers to smaller
models in low-resource scenarios.
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A The case of the BioLeaflets dataset

The representative example (Afstyla) and its de-
scriptions generated by different methods (3-shot
ICL, 0-shot EAG, and 3-shot EAG) with the GPT-
40 mini model are shown in Figure 3.

B The prompt format of EAG

To provide readers with a more intuitive and clear
understanding of how our proposed EAG frame-
work is implemented, we offer the prompt format
used for each setting in Figure 4.
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GPT-40 mini 3-shot ICL

### Title: 5. how to store afstyla Keep this medicine out of the sight and reach of children. Do not use this medicine after the expiry date which is stated

on the label and the carton. The expiry date refers to the last day of that month. Store in a refrigerator (2 - 8% C). Do not freeze. Keep the afstyla powder
in the outer carton in order to protect from light. The reconstituted product can be stored at room temperature (not above 25° C) for a single period of up
to 3 hours. Do not throw away any medicines via wastewater or household waste. Ask your pharmacist how to throw away medicines you no longer use.

These measures will help protect the environment.

GPT-40 mini 0-shot EAG

### 5. How to Store Afstyla <sentence>Store Afstyla in the refrigerator at a temperature between 2° C and 8° C.</sentence><sentence>Do not freeze
this medicine.</sentence><sentence=>Keep the vial in the outer carton to protect it from light.</sentence><sentence>Once reconstituted, the product
should be used within 3 hours.</sentence><sentence>=Do not use the Afstyla powder after the expiry date which is stated on the label and carton. The
expiry date refers to the last day of that month.</sentence><sentence>After reconstitution, the product can be stored at room temperature (up to 25° C)
for up to 3 hours.</sentence><sentence>Do not store the reconstituted product in the refrigerator.</sentence><sentence>Keep this medicine out of the

sight and reach of children.</sentence>

GPT-40 mini 3-shot EAG

keep this medicine out of the sight and reach of children. do not use this medicine after the expiry date which is stated on the label. the expiry date refers
to the last day of that month. do not store above 8 ° C. the afstyla powder should be stored in the outer carton in order to protect from moisture. the
reconstituted product can be stored at room temperature (not above 25° C) and should be used within 3 months. do not or household waste. ask your
pharmacist how to throw away medicines you no longer use. these measures will help protect the environment. throw away any medicines via wastewater

Product Description

keep this medicine out of the sight and reach of children. do not use this medicine after the expiry date, which is stated on the label and carton. store in a

refrigerator (2 °

Cto 8 ° C). before the afstyla powder is reconstituted it may be kept at room temperature (below 25 ° C ) for a single period not

exceeding 3 months, within the expiration date printed on the cartons and the vials. please record the date from when you start to store afstyla at room
temperature on the product carton. once the product has been taken out of the refrigerator, the product must not be returned to the refrigerator. do not
freeze. keep the vial in the outer carton in order to protect from light. the reconstituted product should preferably be used immediately. if the reconstituted
product is not administered immediately, storage times and conditions prior to use are in the responsibility of the user.

Figure 3: Descriptions generated by different settings (3-shot ICL, O-shot EAG, and 3-shot EAG) with the powerful
GPT-40 mini model and the section 5 (how to store afstyla) in product description of the Afstyla.

Prompt Format of EAG

#it# << >>

Assume you are a doctor writing a drug information leaflet.
Below, I will provide you with the title of the leaflet and some
sorted key-value pairs describing the content of the leaflet.
#i# << >

Piease determine which key-value pair information
originally belonged fo the same sentence, and add
<sentence> at the beginning and </Sentence> at the end of
the group of key-value pairs that form the same sentence.
#i# << >>

Piease use these key-value pair information to restore the
original drug information leaflet.

#H## <<

Here are some examples: {i

samples to process the foilowing data.
### Title: {Tifle}. Sorted key-vaiue pairs: {Key-Value Pairsh
Restored leaflet content:

>>
i}. Please refer to the

Figure 4: The prompt format of EAG.

C The Experimental Platform

Our experiments are conducted on a workstation
running Ubuntu 20.04.6 LTS, with two Intel (R)
Xeon (R) Platinum 8336C CPUs, four NVIDIA
A800 GPUs, and 1.0TiB of memory.

D Human evaluation experiment

In order to better evaluate the quality of the gener-
ated descriptions, we recruited domain experts to
conduct a human evaluation experiment on whether
the numerical values in the generated descriptions
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are understood correctly. We randomly selected
100 samples from the test set as evaluation ob-
jects to assess the performance of the GPT-40 mini
model under different settings (3-shot ICL, 0-shot
EAG, and 3-shot EAG). The results of the human
evaluation experiment are shown in Table 4.

Table 4 shows that the accuracy of 0-shot EAG
in Sections 3, 4, and 6 has been significantly im-
proved, while it has also achieved comparable re-
sults with 3-shot ICL in the other three Sections.
The average accuracy (AVG) of 0-shot EAG is
18.6% higher than that of 3-shot ICL. The AVG
of the 3-shot EAG further increased significantly,
44.3% higher than that of the 3-shot ICL, doubling
the numerical understanding ability of the LLMs.
This result further proves the effectiveness of our
proposed EAG framework in the biomedical data-
to-text generation task.

E Qualitative error analysis

To clarify the article, we have added a qualitative
error analysis to illustrate where the large language
model still fails under the EAG framework. Sec-
tion 1 (What the product is and what it is used for)
and Section 5 (How to store the product) of the
medicinal products package leaflets generated by
the 3-shot EAG method have been very accurate
(reaching more than 90% in Table 4). The accu-



Method Section1  Section2  Section3  Section4  Section5  Section6 | AVG
3-shot ICL 100 27 18 36 45 9 39.2
0-shot EAG 100 27 46 55 46 73 57.8
3-shot EAG 100 82 73 73 91 82 83.5

Table 4: The results of the human evaluation experiment on the GPT-40 mini model. AVG represents the geometric
mean of the numerical understanding accuracy of six sections.

racy of Section 2 (What you need to know before
you take the product) and Section 6 (Content of
the pack and other information) of the package
leaflets generated by 3-shot EAG is similar (both
82% in Table 4). Because the text length of Section
2 of the package leaflets exceeds 5000, the LLMs
are prone to missing numerical information at the
end of the structured input. In addition, Section
6 of the package leaflets contains a lot of numeri-
cal information about the specific composition and
packaging details of medical products. Therefore,
the LLMs may confuse different components. Sec-
tions 3 (How to take the product) and 4 (Possible
side effects) of the package leaflets generated by
the 3-shot EAG method still have some errors in
numerical understanding (the accuracy rate is 73%
in Table 4). After carefully reviewing the error ex-
amples, we found that the errors of the LLMs were
concentrated in two places: on the one hand, the
time and duration of medication (in Section 3); on
the other hand, the prevalence of side effects, such
as one tenth, one percent, and one thousandth (in
Section 4). In the future, this will be an important
direction to improve.
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