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Abstract

Background: Extracting valuable information from clinical text data is critical in disease progression studies. Traditional
methods are often unable to cope with the complexity and volume of such data. The emergence of Large Language Models
(LLMs) has opened new avenues, but they are challenged by critical issues such as data security and feature hallucination.

Objective: The primary objective of this study is to utilize a modular LLM approach to efficiently and accurately extract features
from clinical text data, addressing the specific challenges of data security and feature hallucination, and improving upon the
limitations of traditional methods.

Methods: In this study, we introduced a modular LLM approach to extract features from patient admission records. The process
was divided into distinct steps: concept extraction, aggregation, question generation, corpus extraction, and Q&A scale
extraction. Our method was evaluated on a dataset comprising 25,709 pregnancy cases from the People's Hospital of Guangxi
Zhuang Autonomous Region, China, utilizing two low-parameter LLMs, Qwen-14B-Chat (QWEN) and Baichuan2-13B-Chat
(BAICHUAN).

Results: The approach achieved high precision in features extraction, with QWEN and BAICHUAN showing average accuracies
of 95.52% and 95.86%, respectively. The models demonstrated low null ratios (<0.21%) and varied time consumption. We also
experimented the INT4-quantified version of QWEN (QWEN (INT4)) on a consumer-grade GPU, achieved even better
performance (97.28% accuracy and a 0% null ratio).

Conclusions: This study demonstrates the effectiveness of a modular LLM approach in extracting clinical text data with high
accuracy and efficiency. By breaking down the extraction process into manageable components, this approach offers a promising
solution for textual features extraction from patient documentation.
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Abstract

Background:  The  study  of  disease  progression  relies  on  clinical  data,  including  text  data,  and
extracting  valuable  features  from text  data  has  been  a  research  hotspot.  With  the  rise  of  Large
Language Models (LLMs), semantic-based extraction pipelines are gaining acceptance in clinical
research. However, the security and feature hallucination issues of LLMs require further attention.
Objectives: This study aimed to introduce a novel modular LLM pipeline, which could semantically
extract features from textual patient admission records.
Methods:  The  pipeline  was  designed  to  process  a  systematic  succession  of  concept  extraction,
aggregation, question generation, corpus extraction, and Q&A scale extraction, which was tested via
two low-parameter LLMs: Qwen-14B-Chat and Baichuan2-13B-Chat. A dataset of 25,709 pregnancy
cases  from the People's  Hospital  of  Guangxi  Zhuang Autonomous Region,  China,  was used  for
evaluation with help of local expert’s annotation. The pipeline was evaluated with the metrics of
accuracy  and  precision,  null  ratio  and  time  consumption.  Additionally,  we  also  evaluated  its
performance via an INT4-quantified version of QWEN on a consumer-grade GPU.
Results: The pipeline demonstrates a high level of precision in feature extraction, as evidenced by the
accuracy  and  precision  results  of  Qwen-14B-Chat  (95.52%  and  92.93%,  respectively)  and
Baichuan2-13B-Chat (95.86% and 90.08%, respectively). Furthermore, the pipeline exhibited low
null  ratios  and variable  time consumption.  The INT4-quantified version  of  QWEN delivered  an
enhanced performance with 97.28% accuracy and a 0% null ratio.
Conclusions:  The pipeline exhibited consistent performance across different LLMs and efficiently
extracted clinical features from textual data. It also showed reliable performance on consumer-grade
hardware. This approach offers a viable and effective solution for mining clinical research data from
textual records.

Keywords:

Clinical  Data  Extraction;  Large  Language  Models;  Feature  Hallucination;  Modular  Approach;
Unstructured Data Processing.
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Introduction

Clinical text data has been widely recognized in data research due to its encompassment of multi-
source[1, 2] (including patient subjective statements,  past objective facts,  and doctor's diagnostic
processes  and summary records).  Extracting  useful  information  from text  data  could  serve  as  a
crucial  supplement  to  the  study  of  disease  progression  and  complement  objective  indicators
dependent  on  laboratory  tests  and  examinations[3],  which  has  consistently  been  a  hot  research
topic[4, 5].
Historically, method for text data extraction mainly includes: 1) Manual annotation: firstly, scales are
designed based on clinical and research experience,  followed by manual field extraction[6-8]; 2)
Rule  Extraction:  utilizing  concepts  from  established  knowledge  base  (such  as  International
Classification of Diseases, Tenth Revision (ICD-10))[9] for concept term extraction, typically basing
on  similarity  algorithms  and  manual  assistance  to  extract  term  and  its  attributes  (negations,
dependency relationships, etc.); [10]; 3) NER/NLP algorithms: utilizing supervised learning (pre-
trained models like T5[11], BERT[12], and its variants[13-15]) with manual annotation to enhance
semantic comprehension capabilities[16, 17].
The  task  of  extracting  features  from vast  unstructured  text  presents  itself  as  a  daunting,  labor-
intensive,  and time-consuming endeavor[18]: 1)  it  is  challenging to  determine the dimension of
extracted features initially,  and from another perspective,  confining the feature dimension means
constraining research scope from the outset[19];  2)  given the inherent  subjectivity  and potential
biases of recording subject, solely relying on algorithms without annotation typically results in low
accuracy and recall[20]; 3) achieving higher accuracy with a broader feature scope, and the required
human  effort  involved,  is  typically  non-linear  [4],  and  the  difficulty  becomes  apparent  when
confronted with massive real-world data.
The advent of Large Language Models (LLMs) has paved a new path for the dilemma in clinical text
extraction[21-23]. In the realm of nature language understanding research, generative large models,
represented  notably  by  ChatGPT[24]  since  2022,  have  achieved  unimaginable  capabilities  in
semantic  dimensions,  leveraging the emergent  intelligence from vast parameter scales.  However,
numerous  considerations  and limitations  in  application:  1)  High-performing  LLMs like  OpenAI
ChatGPT and  Google  Bard[25,  26],  currently  are  not  open source,  and patient  data  need  to  be
submitted  to  their  platform for  analysis,  presenting  security  challenges[27,  28];  2)  Open-source
LLMs performing high intelligence generally require large parameters number (10~100B), which are
hard  to  support  in  consumer-level  GPUs;[29]  3)  Low-parameter  (around  10B)  LLMs,  typically
require multi-strategy support when dealing with tasks in certain vertically segmentation[30] (like
fine-tuning, knowledge base/knowledge graph support, complex Chain of Thought (CoT)[31] and its
derivatives, and even global training etc.), and are accompanied by various anomaly issues, including
feature hallucination.
While the application of LLM faces various potential limitations and challenges as mentioned above,
the foundational entity extraction and understanding capabilities of LLM can still be utilized for low-
cost extraction of clinical text data through meticulous prompt design, guidance combining CoT, and
standardized examples[30, 32].
In this study, we aim to extract valuable features from a series of given patient admission records,
which encompass the chief complaint and the medical histories. In light of this task, we introduce a
modular LLMs approach, which divides the entire extraction path into several smaller steps and each
modular LLMs handle these basic steps automatically. We adopted the core idea of LLM agents[30]
and Self-consistency with CoT (CoT-SC)[33].
To experiment the approach, we implemented two low-parameter LLM in a local environment, and
compared their performances within a retrospective cohort of pregnancy to provide a reference that
future researchers might draw upon.

https://preprints.jmir.org/preprint/54580 [unpublished, peer-reviewed preprint]



JMIR Preprints Wang et al

Methods 

Study preparation

Data Sources

In this  study,  the text  corpus was compiled from two primary  sources:  1)  chief  complaints  and
medical  histories,  exemplified  in  the  Multimedia  Appendix  1,  were  extracted  from  inpatient
admission records of an established cohort at the People's Hospital of Guangxi Zhuang Autonomous
Region in China. The established cohort for preeclampsia risk study consisted of 25,709 pregnancies
that  received  prenatal  care  between  the  11th  and  13th  weeks  of  gestation  from April  2012  to
September 2021.
2)  clinical  practice  guidelines,  consisted  of  the  2018  guidelines  from the  American  College  of
Obstetricians and Gynecologists (ACOG)[36] and the 2019 guidelines from the National Institute for
Health and Care Excellence (NICE)[37].
To ensure linguistic consistency, the entire corpus was maintained in Chinese.

Model Deployment

We deployed 2  most  exemplary LLMs in Chinese domain till  Sep.  2023 in an intranet  security
environment: Qwen-14B-Chat(QWEN)[34]  and  Baichuan2-13B-Chat(BAICHUAN)[35].  Through
independent  deployment.  In  the  environment,  the  server  cluster  utilized  NVIDIA DGX-A100
(2×40G) GPU nodes. The QWEN used 29GB of storage and 27GB of GPU memory, while the
BAICHUAN used 26GB of storage and 28.9GB of GPU memory. Both models operated solely on
physically  isolated  GPUs,  and  access  was  facilitated  through  the  OpenAI[38]  format  and
FastChat[39]. The LLMs were built upon PyTorch 2.0, with the temperature set to 0 and max_token
adjusted task-by-task.

Experimental Path

In  this  study,  we  introduce  an  approach  that  autonomously  extracts  valuable  textual  features.
Diverging from traditional LLM applications, we employed an “external-COT” strategy, dividing the
process into several controllable steps, as illustrated in Figure 1.
Figure 1. Flow chart of Extraction approach. The extraction approach could be divided into 4 parts:
1) concept preparation: extracting existing concepts from corpus, and selecting concerning concepts;
2) corpus preparation:  de-identifying raw data  and preparing corpus in accordance with selected
concept;  3) prompt design:  for different  LLM tasks;  4) Q&A scales:  transforming concepts into
question templates and extracting corresponding scales by LLMs.
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Prompt design

The  design  of  prompt  templates  is  fundamental  to  efficient  and  accurate  extraction.  Prior  to
processing the entire dataset, an initial evaluation was conducted on 100 observations to assess the
effectiveness  of  the  templates,  allowing  for  continuous  refinement  of  prompt  strategies  and
orientations. An appropriate template was defined based on the following criteria:  1) absence of
redundant content generation; 2) consistent and uniform efficiency; and 3) infrequent occurrence of
feature hallucination.
We adopted a four-paragraph structure, referring to the prompt engineering suggestions of QWEN
and BAICHUAN: 1) Context Section: Defines the role and task, provides a basic understanding, and
establishes a behavioral baseline for the model; 2) Instruction Section: Outlines the execution steps,
employs the Chain of Thoughts (CoT) methodology, and provides examples to ensure guided model
operation;  3) Input Data Section:  Manages various inputs to meet  diverse information needs;  4)
Output Indicator Section: Specifies the output format and standards, setting clear expectations for the
output.
To avoid input bias, the prompt templates for QWEN and BAICHUAN were maintained without any
modifications. In addition, we conducted experiments utilizing 100 observations at different levels of
concurrency to select the most optimal configuration.

Concept extraction & Aggregation

We initially extracted all  discernible concepts from chief complaints and medical histories using
LLMs with a designed Prompt1, and concepts were retained only with a manifestation frequency
exceeding  5% occurrences. To reduce potential attention bias and expand the range of identified
concepts,  we  also  included  concepts  from  clinical  practice  guidelines  related  to  preeclampsia,
particularly ACOG 2018 and NICE 2019.
As  we  defined  in  Prompt1,  the  extracted  concepts  were  set  in  format  of  the  Systematised
Nomenclature of Medicine Clinical Terms (SNOMED CT) vocabulary within the Clinical Findings
and Observations domain[40]. 
To mitigate  potential  output  errors  from LLMs,  such  as  concepts  not  belonging to  the  Clinical
Findings  and  Observations  domain,  or  even  outside  of  the  SNOMED  CT  vocabulary,  we
implemented a rule-based matching approach to filter extraction inaccuracies. 
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Furthermore,  in  this  research,  we  aimed  to  extract  concepts  with  diverse  semantic  expressions
(including diagnoses, various medical histories, symptoms, observations, interventions, and types of
examinations).  To  accomplish  this,  local  experts  manually  filtered  out  concepts  embedded  in
structured text, such as dates or numbers.

Question Generation

After the extraction and aggregation of concepts, they were transformed into specific questions by
LLMs as question templates for following data extraction. In this section, we leveraged ChatGPT4.0
as a question generator to produce a basic set of questions, which were then refined by local experts
for specificity based on its performance across 100 observations.

Q&A Scale Extraction

To avoid contextual and temporal event confusion leading to incorrect responses (e.g.,  confusing
current medical history with past medical history, or confusing the patient's own medical history with
that of family members), we pre-extracted the corpus using two strategies: 1) based on the position
of the question templates, and 2) based on the sentence containing the concepts. The extracted corpus
was  then  labelled  with  the  corresponding  question  templates  for  the  subsequent  extraction  of
question-and-answer (Q&A) scales.
The refined corpus, combined with corresponding question templates, guided a systematic extraction
process with two LLMs, and formed Q&A scales for further application.
Each question probed the LLMs, and the extracted sentences formed the basis  of the generated
responses.  This  approach  enabled  a  logical  mapping  of  questions  to  relevant  text,  ultimately
improving the accuracy and efficiency of feature extraction.

Evaluation

Given the practical constraints and the objective of minimizing manual intervention, it was 
unfeasible to validate all answer scales individually across a Q&A space containing 68 questions and
25,709 observations. Therefore, a three-fold assessment strategy was developed, as explained below:

Accuracy and precision

A subset of 1,500 observations chosen at random was manually annotated in collaboration with local 
experts, serving as the gold standard. The precision of positive identifications by both LLMs was 
assessed against a specified benchmark.

Null Ratio

The null ratio of both LLMs was independently measured across all 25,709 observations. Empty or 
meaningless (symbols and gibberish) outputs were identified as null output and the null ratio was 
then calculated as the proportion of such responses to the total.

Time Consumption

The efficiency of the extraction process was evaluated by measuring the time taken by the two LLMs
to respond to the questions across all 25,709 observations.

Ethical Considerations

The study was approved by the People’s Hospital of the Guangxi Zhuang Autonomous Region in
China (Ref. No. KT-KJT-2021-67). The requirement for informed consent was waived, due to the
retrospective nature of the study, and all clinical data were de-identified and anonymized.
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Results

Path decomposition overview

Prompt template

Through  trials  with  the  prompt  template  on  100  observations,  we  selected  the  template  that
demonstrated optimal consistency, as shown in Figure 2.
Figure 2. Prompt templates of information extraction and Q&A scales. A four-paragraph structure
was implemented for prompt design utilizing few-shot CoT. The original version, written in Chinese,
was translated into English. (A) Extracting concepts and terms, and (B) Scaling questions. As both
deployed  LLMs  were  pre-trained  with  ICD-10  corpus,  they  could  directly  engage  in  concept
extraction.

Merged concepts

After all concepts merged, we filtered out those appeared less than 5%. A total of 117 concepts and
terms were listed in Table S1 (Multimedia Appendix 2).
Table S1 (Multimedia Appendix 2). Merged concept sets and classification.

Class
Concepts  from  chief  complaints  and
medical histories

Concepts from clinical
practice guidelines

Basic
Information

Occupation,  Age,  Education  (status),
Marital  Status,  Date  of  admission  to
hospital,  Date  of  last  menstrual  period,
Estimated  date  of  delivery,  Pregnancy
status  findings,  Finding  of  number  of
pregnancies, Number of fetuses in utero,
Menstrual cycle finding, Menstrual blood
loss finding, Color of menstrual blood

Occupation,  Age,
Ethnic  Group,  Marital
Status,  Gestational  age,
Finding  of  number  of
pregnancies, Number of
fetuses in utero, History
of tobacco use, History
of alcohol consumption
behavior

 Condition/Stat
e Present

Nausea,  Vomiting,  Anorexia,  Sense  of
fetal movement, Pyrexia, Feeling of chest
pressure,  Palpitations,  Abdominal  pain,
Abdominal  bloating  and  distension,

Assisted  reproductive
technology,  Threat  of
spontaneous  abortion,
Insomnia,  Early

https://preprints.jmir.org/preprint/54580 [unpublished, peer-reviewed preprint]
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Common  cold,  Vaginal  discharge,
Bleeding,  Dizziness,  Headache,
Convulsion,  Edema of  both  lower  legs,
Antenatal  screening,  Mass  of  both
adnexa,  Vaginal  infection,  Vertex
presentation of fetus

pregnancy symptoms, 

Indicators
Requiring
Specific
Values

Cord around neck, Amniotic fluid index,
Diameter of fetal biparietal, Thickness of
placenta, Grading of placental function

Change  in  weight,
Length of fetal femur

Pregnancy
Indicator
Results

Finding of amniotic  fluid,  Non-invasive
prenatal  screening,  Finding  of
chromosomal analysis of amniotic fluid,
Result  of  Ureaplasma  urealyticum  test,
Ultrasonography  (scan),  Three-
dimensional  color  doppler  sonography,
Screening  for  glucose  tolerance,
Screening  for  thalassemia,  Glucose-6-
phosphate  dehydrogenase  measurement,
Triplicate  immunization  status,
Quantitation  of  Hepatitis  B  test,
Coagulation  test,  Eugenic  screening,
Thyroid  function  study,  Finding  of
cervical secretions, Screening for Down's
syndrome, Vaginal swab culture

Three-dimensional
color  doppler
sonography, Finding of
fetal  umbilical  blood
Doppler

Pregnancy
Treatment
Interventions

Progesterone,  Dydrogesterone,  Folic
acid,  Azithromycin,  Aspirin,
Methyldopa, Labetalol

Aspirin, Labetalol

History  or
Present  Illness
Description

Dysmenorrhea,  Previous  pre-eclampsia,
Diabetes mellitus, Blood disorder, Heart
disease,  Thalassemia,  Viral  hepatitis,
Chronic  kidney  disease,  Tuberculosis,
Injury,  History  of  surgical  procedure,
Sexually  transmitted  infectious  disease,
Genetic  disease,  History  of  infectious
disease, Food allergy, Drug allergy

Hypertension,  Previous
preterm  delivery,
Systemic  lupus
erythematosus,
Antiphospholipid
syndrome,  History  of
spontaneous  abortion,
History  of  deliberate
termination  of
pregnancy

Family History

Family  history  of  cardiac  disorder,
Family  history  of  diabetes  mellitus,
Family history of hematological disease,
Family  history  of  liver  disease,  Family
history of kidney disease, Family history
of mental health disorder, Family history
of neurological  disorder,  Family history
of  rheumatologic  disorder,  Family
history  of  endocrine  disease,  Family
history of autoimmune disorder,  Family
history  of  allergy,  Family  history  of

Family  history  of
hypertension
Family  history  of
preeclampsia
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sudden death, Family history of obesity,
Family history of asthma, Family history
of  fracture,  Family  history  of  surgical
procedure,  Family  history  of  adverse
reaction to drug

Health  Status
of  the  Fetus
Father

Hereditary  Disease,  Present  Illness
History,  Smoking  History,  Drinking
History

Smoking  History,
Drinking History

Question template

Then we selected and transferred 68 concepts into question formats, for further Q&A scales. The
detailed questions and its corresponding concepts are listed in Table S2 (Multimedia Appendix 2).
Table S2 (Multimedia Appendix 2). Concept and question list

Concept Question

1 Abdominal Bloating Did the patient experience abdominal bloating during
pregnancy? Provide a reason.

2 Abdominal Pain Did  the  patient  experience  abdominal  pain  during
pregnancy? Provide a reason.

3 Amniocentesis Was  the  patient's  amniocentesis  result  abnormal
during pregnancy? Provide a reason.

4 Aspirin Use Has the patient ever used aspirin? Provide a reason.
5 Bilateral  Adnexal

Masses
Did the patient  have an adnexal  mass  found during
pregnancy? Provide a reason.

6 Bilateral  Lower
Limb Edema

Did the patient have edema in the lower extremities
during pregnancy? Provide a reason.

7 Blood  Glucose
Screening

Is the patient's blood glucose screening or OGTT test
result abnormal? Provide a reason.

8 Cervical Secretions Is the patient's cervical secretion test result abnormal?
Provide a reason.

9 Chest Tightness Did  the  patient  experience  chest  tightness  during
pregnancy? Provide a reason.

10 Cold/Flu Did  the  patient  catch  a  cold  during  pregnancy?
Provide a reason.

11 Convulsions Did the patient  have convulsions during pregnancy?
Provide a reason.

12 Dizziness Did  the  patient  experience  dizziness  during
pregnancy? Provide a reason.

13 Drinking Does  the  patient  report  a  history  of  alcohol
consumption? Provide a reason.

14 Early  Pregnancy
Reaction/Symptoms

Did the patient experience nausea, vomiting, anorexia,
or other early pregnancy reactions? Provide a reason.

15 Family  History  -
Asthma

Is there  a  history of  asthma in the patient's  family?
Provide a reason.

16 Family  History  -
Autoimmune Disease

Is  there  a  history  of  autoimmune  diseases  in  the
patient's family? Provide a reason.

17 Family  History  -
Diabetes Mellitus

Is there a history of diabetes in the patient's family?
Provide a reason.

18 Family  History  - Is  there  an  allergy  history  in  the  patient's  family?
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Drug Allergy Provide a reason.
19 Family  History  -

Heart Disease
Is  there  a  history  of  heart  disease  in  the  patient's
family? Provide a reason.

20 Family  History  -
Hematologic Disease

Is there a history of blood disorders in the patient's
family? Provide a reason.

21 Family  History  -
Hypertension

Is  there  a  history  of  hypertension  in  the  patient's
family? Provide a reason.

22 Family  History  -
Kidney Disease

Is  there  a  history  of  kidney  disease  in  the  patient's
family? Provide a reason.

23 Family  History  -
Mental Illness

Is  there  a  history  of  mental  illness  in  the  patient's
family? Provide a reason.

24 Family  History  -
Neurological Disease

Is  there  a  history  of  neurological  disease  in  the
patient's family? Provide a reason.

25 Family  History  -
Preeclampsia

Has  there  been  a  history  of  pre-eclampsia  in  the
patient's family? Provide a reason.

26 Family  History  -
Rheumatic Disease

Is there a history of rheumatic disease in the patient's
family? Provide a reason.

27 Fetal  Paternal
Drinking History

Does  the  physiological  father  of  the  fetus  have  a
history or habit of drinking alcohol? Provide a reason.

28 Fetal  Paternal
History  of  Genetic
Diseases

Does  the  physiological  father  of  the  fetus  have  a
history of genetic diseases? Provide a reason.

29 Fetal  Paternal
Smoking History

Does  the  physiological  father  of  the  fetus  have  a
history or habit of smoking? Provide a reason.

30 Fever Did  the  patient  have  a  fever  during  pregnancy?
Provide a reason.

31 G6PD Is  the  patient's  glucose-6-phosphate  dehydrogenase
(G6PD) level abnormal? Provide a reason.

32 Headache Did  the  patient  experience  headaches  during
pregnancy? Provide a reason.

33 Insomnia Did  the  patient  suffer  from  insomnia  during
pregnancy? Provide a reason.

34 Mediterranean
Anemia Screening

Is the patient's thalassemia screening result abnormal?
Provide a reason.

35 Menstrual Color What  is  the  color  of  the  patient's  menstruation?
(Choose from: light red/red/dark red/other/unknown)

36 Menstrual Flow What  is  the  patient's  menstrual  volume?  (Choose
from: light/medium/heavy/unknown)

37 Palpitations Did  the  patient  experience  palpitations  during
pregnancy? Provide a reason.

38 Personal  History  -
Antiphospholipid
Syndrome

Does  the  patient  have  a  history  of  antiphospholipid
syndrome? Provide a reason.

39 Personal  History  -
Chronic  Kidney
Disease

Does  the  patient  have  a  history  of  chronic  kidney
disease? Provide a reason.

40 Personal  History  -
Diabetes Mellitus

Does the patient have a history of diabetes? Provide a
reason.

41 Personal  History  -
Drug Allergy

Does  the  patient  admit  to  allergies  to  certain
medications? Provide a reason.
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42 Personal  History  -
Dysmenorrhea

Does the patient experience dysmenorrhea? Provide a
reason.

43 Personal  History  -
Food Allergy

Does the patient  admit to allergies to certain foods?
Provide a reason.

44 Personal  History  -
Heart Disease

Does  the  patient  have  a  history  of  heart  disease?
Provide a reason.

45 Personal  History  -
Hematologic Disease

Does the  patient  have  a  history  of  blood disorders?
Provide a reason.

46 Personal  History  -
Hypertension

Does  the  patient  have  a  history  of  hypertension?
Provide a reason.

47 Personal  History  -
Infectious Disease

Does  the  patient  admit  to  a  history  of  infectious
diseases  (such  as  tuberculosis,  gonorrhea,  syphilis,
etc.)? Provide a reason.

48 Personal  History  -
Preeclampsia

Does  the  patient  have  a  history  of  pre-eclampsia?
Provide a reason.

49 Personal  History  -
Surgery History

Does the patient have a history of surgery? Provide a
reason.

50 Personal  History  -
Systemic  Lupus
Erythematosus

Does  the  patient  have  a  history  of  systemic  lupus
erythematosus? Provide a reason.

51 Personal  History  -
Thalassemia

Does  the  patient  have  a  history  of  thalassemia?
Provide a reason.

52 Personal  History  -
Trauma History

Does the patient have a history of trauma? Provide a
reason.

53 Personal  History  -
Viral Hepatitis

Does  the  patient  have  a  history  of  viral  hepatitis?
Provide a reason.

54 Poor  Pregnancy
History  -  Induced
Abortion

Does  the  patient  admit  to  a  history  of  induced
abortion? Provide a reason.

55 Poor  Pregnancy
History - Miscarriage

Does  the  patient  admit  to  a  history  of  miscarriage?
Provide a reason.

56 Poor  Pregnancy
History  -  Premature
Birth

Does the patient admit to a history of preterm birth?
Provide a reason.

57 Pregnancy  Weight
Gain

What  is  the  patient's  pregnancy  weight  change?
(Answer with a number only.)

58 Prenatal Screening Was the patient's Down syndrome screening or non-
invasive DNA test result abnormal during pregnancy?
Provide a reason.

59 Regular  Prenatal
Check-ups

Did  the  patient  undergo  regular  prenatal  check-ups
during pregnancy? Provide a reason.

60 Smoking Does the patient report a personal history of smoking?
Provide a reason.

61 Threatened Abortion Does the patient have a history of threatened abortion?
Provide a reason.

62 Umbilical  Cord
Blood Ratio

Is  the  fetal  umbilical  cord  blood  ratio  result  of  the
patient abnormal? Provide a reason.

63 Use  of
Antihypertensive
Drugs

Has  the  patient  ever  used  antihypertensive
medication? Provide a reason.
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64 Use  of  Progestogen
Drugs

Has  the  patient  ever  used  progestogen  medication?
Provide a reason.

65 Vaginal Bleeding Did  the  patient  experience  vaginal  bleeding  during
pregnancy? Provide a reason.

66 Vaginal Discharge Did the  patient  experience  vaginal  discharge  during
pregnancy? Provide a reason.

67 Vaginal Infection Did the patient  experience  vaginal  infections  during
pregnancy? Provide a reason.

68 Vaginal Secretions Is the patient's vaginal secretion test result abnormal?
Provide a reason.

Scale extraction

We identified that the optimal performance in Q&A scale extraction occurs with a concurrency of 3
requests,  enhancing speed by 17.9% compared to a single request.  Furthermore,  we employed a
max_token restriction strategy, capping it at 20, to optimize inference speed.
Ultimately, within the two-dimensional Q&A space formed by the answer scales, there were a total
of 68 question columns and 25,709 observations (listed in Table 1). 
Table 1. Q&A scales for QWEN and BAICHUAN

Concepts
QWEN BAICHUAN

Positiv
e

Negativ
e

Null Mean Positiv
e

Negativ
e

Null Mean
Ratio (SD) Ratio (SD)

Menstrual Color - -
0.00
%

- - -
0.67
%

-

Menstrual Flow - -
0.00
%

- - -
0.80
%

-

Pregnancy Weight
Gain

- -
1.60
%

13.73
(24.12

)
- -

2.53
%

13.75
(31.28

)
Abdominal

Bloating
26.27% 73.73%

0.00
%

- 38.40% 61.60%
0.00
%

-

Abdominal Pain 49.00% 51.00%
0.00
%

- 43.13% 52.00%
4.87
%

-

Amniocentesis 1.00% 99.00%
0.00
%

- 0.73% 98.87%
0.40
%

-

Aspirin Use 1.40% 98.60%
0.00
%

- 1.40% 98.60%
0.00
%

-

Bilateral Adnexal
Masses

4.87% 95.13%
0.00
%

- 0.73% 99.20%
0.07
%

-

Bilateral Lower
Limb Edema

51.53% 48.47%
0.00
%

- 4.87% 95.13%
0.00
%

-

Blood Glucose
Screening

17.87% 82.13%
0.00
%

- 28.13% 71.40%
0.47
%

-

Cervical
Secretions

3.53% 96.47%
0.00
%

- 3.67% 96.33%
0.00
%

-

Chest Tightness 2.87% 97.13%
0.00
%

- 4.40% 95.53%
0.07
%

-

Cold/Flu 1.87% 98.13%
0.00
%

- 3.07% 96.93%
0.00
%

-

Convulsions 2.27% 97.73% 0.00 - 0.33% 99.67% 0.00 -
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% %

Dizziness 7.13% 92.87%
0.00
%

- 1.87% 98.13%
0.00
%

-

Drinking 0.00%
100.00

%
0.00
%

- 0.00%
100.00

%
0.00
%

-

Early Pregnancy
Reaction/Sympto

ms
85.93% 14.07%

0.00
%

- 47.53% 52.13%
0.33
%

-

Family History -
Asthma

0.07% 99.93%
0.00
%

- 1.93% 98.07%
0.00
%

-

Family History -
Autoimmune

Disease
0.20% 99.80%

0.00
%

- 3.07% 96.93%
0.00
%

-

Family History -
Diabetes Mellitus

1.67% 98.33%
0.00
%

- 2.33% 97.67%
0.00
%

-

Family History -
Drug Allergy

0.01% 99.99%
0.00
%

- 5.67% 94.33%
0.00
%

-

Family History -
Heart Disease

1.60% 98.40%
0.00
%

- 2.27% 97.73%
0.00
%

-

Family History -
Hematologic

Disease
0.13% 99.87%

0.00
%

- 0.73% 98.87%
0.40
%

-

Family History -
Hypertension

3.87% 96.13%
0.00
%

- 3.93% 96.07%
0.00
%

-

Family History -
Kidney Disease

0.07% 99.93%
0.00
%

- 1.40% 98.53%
0.07
%

-

Family History -
Mental Illness

0.07% 99.93%
0.00
%

- 0.47% 99.47%
0.07
%

-

Family History -
Neurological

Disease
0.47% 99.53%

0.00
%

- 0.73% 98.80%
0.47
%

-

Family History -
Preeclampsia

0.12% 99.88%
0.00
%

- 2.60% 97.40%
0.00
%

-

Family History -
Rheumatic Disease

0.07% 99.93%
0.00
%

- 1.47% 98.53%
0.00
%

-

Fetal Paternal
Drinking History

0.00%
100.00

%
0.00
%

- 0.07% 99.93%
0.00
%

-

Fetal Paternal
History of Genetic

Diseases
1.00% 99.00%

0.00
%

- 0.87% 99.07%
0.07
%

-

Fetal Paternal
Smoking History

0.00%
100.00

%
0.00
%

- 0.07% 99.93%
0.00
%

-

Fever 9.67% 90.33%
0.00
%

- 1.93% 98.07%
0.00
%

-

G6PD 3.33% 96.67%
0.00
%

- 2.53% 97.47%
0.00
%

-

Headache 2.80% 97.20%
0.00
%

- 0.80% 99.13%
0.07
%

-

Insomnia 0.60% 99.40% 0.00 - 1.20% 98.47% 0.33 -
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% %
Mediterranean

Anemia Screening
8.27% 91.73%

0.00
%

- 17.60% 82.27%
0.13
%

-

Palpitations 1.53% 98.47%
0.00
%

- 3.07% 96.93%
0.00
%

-

Personal History -
Antiphospholipid

Syndrome
0.07% 99.93%

0.00
%

- 0.07% 99.93%
0.00
%

-

Personal History -
Chronic Kidney

Disease
0.80% 99.20%

0.00
%

- 1.07% 98.93%
0.00
%

-

Personal History -
Diabetes Mellitus

0.60% 99.40%
0.00
%

- 0.13% 99.87%
0.00
%

-

Personal History -
Drug Allergy

10.53% 89.47%
0.00
%

- 39.80% 60.20%
0.00
%

-

Personal History -
Dysmenorrhea

24.40% 75.60%
0.00
%

- 21.20% 78.80%
0.00
%

-

Personal History -
Food Allergy

5.13% 94.87%
0.00
%

- 8.07% 91.93%
0.00
%

-

Personal History -
Heart Disease

1.67% 98.33%
0.00
%

- 0.47% 99.53%
0.00
%

-

Personal History -
Hematologic

Disease
0.00%

100.00
%

0.00
%

- 0.07% 99.93%
0.00
%

-

Personal History -
Hypertension

7.40% 92.60%
0.00
%

- 0.93% 99.07%
0.00
%

-

Personal History -
Infectious Disease

1.93% 98.07%
0.00
%

- 3.80% 96.20%
0.00
%

-

Personal History -
Preeclampsia

0.93% 99.07%
0.00
%

- 0.87% 99.13%
0.00
%

-

Personal History -
Surgery History

35.67% 64.33%
0.00
%

- 36.27% 63.67%
0.07
%

-

Personal History -
Systemic Lupus
Erythematosus

0.20% 99.80%
0.00
%

- 0.20% 99.80%
0.00
%

-

Personal History -
Thalassemia

1.00% 99.00%
0.00
%

- 0.80% 99.13%
0.07
%

-

Personal History -
Trauma History

8.80% 91.20%
0.00
%

- 2.87% 97.13%
0.00
%

-

Personal History -
Viral Hepatitis

6.07% 93.93%
0.00
%

- 6.20% 93.80%
0.00
%

-

Poor Pregnancy
History - Induced

Abortion
0.07% 99.93%

0.00
%

- 0.13% 99.87%
0.00
%

-

Poor Pregnancy
History -

Miscarriage
0.47% 99.53%

0.00
%

- 0.47% 99.53%
0.00
%

-

Poor Pregnancy 0.27% 99.73% 0.00 - 0.27% 99.73% 0.00 -
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History -
Premature Birth

% %

Prenatal Screening 31.13% 68.87%
0.00
%

- 15.87% 83.40%
0.73
%

-

Regular Prenatal
Check-ups

96.20% 3.80%
0.00
%

- 96.80% 3.13%
0.07
%

-

Smoking 0.07% 99.93%
0.00
%

- 0.07% 99.93%
0.00
%

-

Threatened
Abortion

6.20% 93.80%
0.00
%

- 5.80% 94.00%
0.20
%

-

Umbilical Cord
Blood Ratio

0.00%
100.00

%
0.00
%

- 0.00%
100.00

%
0.00
%

-

Use of
Antihypertensive

Drugs
1.73% 98.27%

0.00
%

- 2.13% 97.87%
0.00
%

-

Use of
Progestogen Drugs

13.47% 86.53%
0.00
%

- 14.40% 85.53%
0.07
%

-

Vaginal Bleeding 81.07% 18.93%
0.00
%

- 22.60% 77.27%
0.13
%

-

Vaginal Discharge 33.00% 67.00%
0.00
%

- 48.47% 51.53%
0.00
%

-

Vaginal Infection 25.27% 74.73%
0.00
%

- 16.20% 82.73%
1.07
%

-

Vaginal Secretions 16.60% 83.40%
0.00
%

- 16.73% 83.27%
0.00
%

-

We employed accuracy and precision  metrics  for  assessing the  accuracy of  LLMs across  1,500
observations. Furthermore, we utilized two parameters—null ratio and time consumption—in 25,709
observations to evaluate the consistency and efficiency of two LLMs, respectively.

Evaluation metrics

Accuracy and precision

Figure 3 (A), Figure 3 (B) and Supplementary Figure 1 (A) and (B) illustrate the Q&A space for a
sample chunk extracted by QWEN and BAICHUAN with the comparison of manual annotation. The
figures demonstrate the exceptional accuracy and precision of QWEN and BAICHUAN. QWEN
attained an average accuracy of 95.52% and an average precision of 92.93%, whereas BAICHUAN
displayed an average accuracy of 95.86% and an average precision of 90.08%. These figures clearly
indicate that the two LLMs have more concentrated errors in specific concepts, and overall, they
achieve high levels of precision in most extractions.
Figure  3. Accuracy  and  precision in  Q&A space.  With  the  local  expert’s  annotation  of  1500-
observation,  (A)  and  (B)  showcase  a  comparison  of  the  accuracy  and  precision  of  QWEN,
BAICHUAN, and QWEN(INT4) across various concepts. Our findings reveal that the performance
trends of LLMs are nearly uniform across different concepts in terms of accuracy, while showing a
discernible variation in precision.
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Supplementary Figure 1  (Multimedia  Appendix 3).  Overview of  comparation  between LLMs
outputs and expert’s annotation. (A), (B), and (C) display the precision of positive identification and
null ratio of QWEN, BAICHUAN, and QWEN(INT4) for each observation. The red areas indicate
extracted results that differ from manually labeled results, gray areas denote agreement, and white
areas represent null extractions. The horizontal axis represents various concepts, while the vertical
axis shows the selected 1500 observations.

https://preprints.jmir.org/preprint/54580 [unpublished, peer-reviewed preprint]



JMIR Preprints Wang et al

LLMs demonstrated consistent  performance across most  questions,  and excelled in  binary,  well-
defined  medical  history  questions,  often  reaching  100%  accuracy  and  precision.  However,  the
accuracy  performance  varied  significantly  when  dealing  with  questions  that  involved  semantic
ambiguities or definitional uncertainties. This inconsistency might be tied to the LLM’s training and
inference alignment. Notable disparities were observed in questions pertaining to Menstrual Color
(QWEN  66.7%,  1000  out  of  1500;  BAICHUAN  73.1%,  1097  out  of  1500),  Early  Pregnancy
Symptoms  (QWEN  60.7% ,909  out  of  1500;  BAICHUAN 98.3%,  1474  out  of  1500),  Vaginal
Bleeding (QWEN 39.5%, 593 out of 1500; BAICHUAN 97%, 1455 out of 1500), Bilateral Lower
Limb  Edema  (QWEN  52.4%,  786  out  of  1500;  BAICHUAN  99.7%,  1486  out  of  1500),  and
Menstrual Flow (QWEN 99.8%, 1498 out of 1500; BAICHUAN 40.3%, 605 out of 1500). 
Apart from the above, the precision inconsistency performance were as their low true positive rate,
like Insomnia (QWEN 17.7%, 3 out of 17; BAICHUAN 47.1%, 8 out of 17), Personal History -
Antiphospholipid Syndrome(QWEN 0%, 0 out of 2; BAICHUAN 50%, 1 out of 2), Poor Pregnancy
History - Induced Abortion(QWEN 50%, 1 out of 2; BAICHUAN 100%, 2 out of 2). The exact
precision is listed in Table S3.
Table S3 (Multimedia Appendix 5). LLMs Q&A scales precision.

Concept QWEN BAICHUA
N

QWEN
（INT4）

True
positive

Abdominal Bloating 313 314 304 315
Abdominal Pain 656 591 646 665
Amniocentesis 5 4 3 6
Aspirin Use 20 21 20 21
Bilateral Adnexal Masses 46 9 21 46
Bilateral  Lower  Limb
Edema

59 59 59 59

Blood Glucose Screening 239 327 230 345
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Cervical Secretions 52 55 51 55
Chest Tightness 37 36 37 39
Cold/Flu 27 33 27 38
Convulsions 3 3 3 3
Dizziness 22 22 22 22
Early  Pregnancy
Reaction/Symptoms

698 695 698 698

Family History - Asthma 1 1 1 1
Family  History  -
Autoimmune Disease

2 2 2 2

Family  History  -
Diabetes Mellitus

25 20 25 25

Family  History  -  Heart
Disease

9 8 9 9

Family  History  -
Hematologic Disease

1 1 1 1

Family  History  -
Hypertension

58 56 58 58

Family History - Kidney
Disease

1 1 1 1

Family  History -  Mental
Illness

1 1 1 1

Family  History  -
Neurological Disease

6 6 6 6

Family  History  -
Rheumatic Disease

1 1 1 1

Fetal Paternal History of
Genetic Diseases

15 7 10 17

Fever 32 28 31 32
G6PD 41 38 40 45
Headache 12 12 12 13
Insomnia 8 17 3 17
Mediterranean  Anemia
Screening

123 227 94 241

Menstrual Color 920 1087 1408 1412
Menstrual Flow 1428 593 1428 1428
Palpitations 20 20 19 20
Personal  History  -
Antiphospholipid
Syndrome

1 1 0 1

Personal  History  -
Chronic Kidney Disease

9 9 9 9

Personal  History  -
Diabetes Mellitus

4 2 4 4

Personal  History  -  Drug
Allergy

142 81 142 142

Personal  History  -
Dysmenorrhea

317 317 317 317

Personal  History  -  Food
Allergy

66 34 66 66
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Personal  History -  Heart
Disease

6 6 6 6

Personal  History  -
Hypertension

12 13 11 13

Personal  History  -
Infectious Disease

13 50 8 52

Personal  History  -
Preeclampsia

14 13 13 14

Personal  History  -
Surgery History

523 521 519 523

Personal  History  -
Systemic  Lupus
Erythematosus

3 3 3 3

Personal  History  -
Thalassemia

13 12 13 13

Personal  History  -
Trauma History

12 12 12 12

Personal  History  -  Viral
Hepatitis

91 92 91 93

Poor Pregnancy History -
Induced Abortion

1 2 0 2

Poor Pregnancy History -
Miscarriage

7 7 7 7

Poor Pregnancy History -
Premature Birth

4 4 4 4

Pregnancy Weight Gain 1441 1406 1446 1452
Prenatal Screening 107 110 93 117
Regular  Prenatal  Check-
ups

1435 1431 1435 1435

Smoking 1 1 1 1
Threatened Abortion 93 87 93 93
Use  of  Antihypertensive
Drugs

26 32 26 32

Use  of  Progestogen
Drugs

201 208 197 209

Vaginal Bleeding 309 303 302 310
Vaginal Discharge 302 302 302 302
Vaginal Infection 358 165 287 369
Vaginal Secretions 244 248 237 251

Null ratio

As depicted in Table 1, both LLMs demonstrated superior performance with minimal null ratios.
Specifically, QWEN (refer to Supplementary Figure 1 (A)) exhibited a mean null ratio of 0.02%, in
contrast to BAICHUAN (see Supplementary Figure 1 (B)), which recorded a slightly higher null
ratio of 0.21%. Failure of QWEN extraction was only in Pregnancy Weight Gain (1.60%, 411 out of
25709), but failures of BAICHUAN extraction were mainly in symptoms (Abdominal Pain, 4.87%,
1252 out of 25707; Vaginal Infection, 1.07%, 275 out of 25709; etc.)
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Time consumption

We conducted a comparative analysis of the time performance between QWEN and BAICHUAN on
various Q&A scales, discovering that BAICHUAN consistently exhibits higher time consumption
across almost all scales, reaching up to 4 times that of QWEN, as illustrated in Figure 4(B). 
Figure 4. Time Consumption of Q&A scales for QWEN and BAICHUAN, measured in seconds.
Figure (A) presents a comparative distribution of time consumption for QWEN and BAICHUAN per
concept, and QWEN exhibited notably lower extraction times across various Q&A scales compared
to BAICHUAN. and figure (B) depicts the comparative distribution of the time consumption for two
LLMs per observation.

Figure 4(A) compares the time consumption of LLMs in extracting diverse concepts. Although there
were significant differences across different concepts, overall, the LLMs demonstrated a consistent
performance across these concepts. For queries with clear definitions and concise corpora, such as
drug usage and previous pregnancy history,  the time consumed was minimal.  In the category of
medical history,  both models exhibit  uniform and stable performance (QWEN and BAICHUAN,
revealing a time consumption ratio of 1:3).
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Additional research

In clinical practice, to address scenarios of resource constraints, we utilized a quantified version of
the LLM in our study to validate the applicability of this approach. We employed an official release
INT4 version of QWEN, QWEN(INT4). The model was deployed on a NVIDIA RTX 3090 GPU
(24GB).
With  the  same  approach  listed  above,  the  performance  of  QWEN(INT4)  achieved  even  better
performance. Figure 3 and Supplementary Figure 1 (C) demonstrate that the average accuracy of
QWEN(INT4) is 97.28%, accompanied by a null ratio of 0%.
Despite  a  notable  correlation  in  performance  extraction  between  QWEN(INT4)  and  QWEN,
QWEN(INT4) demonstrated superior efficiency in limited hardware, with an average of 31 seconds
per observation, compared to 47 seconds for QWEN and 312 seconds for BAICHUAN.
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Discussion 

Principle findings

In this study, the extracted scales incorporated not only the conventional features of interest but also
less frequently mentioned dimensions in previous cohorts or guidelines. These included food and
drug allergies (6.6% for food allergy, 25.2% for drug allergy), certain pregnancy symptoms (average
positive  ratio  of  0.9%  for  insomnia,  2.3%  for  palpitations),  menstrual  conditions  (22.8%  for
dysmenorrhea), medical history (1% for asthma family history, and 0.27% for mental illness family
history), and gestational intervention (13.93% for progestogen, and 1.4% for aspirin). 
As a naturally recruited cohort of pregnancy, the extracted features show comparable proportions or
trends compared with similar studies, such as systemic lupus erythematosus (average positive ratio of
0.20%, verse 0.03%~0.23% of similar  cohorts[41,  42]),  and antiphospholipid syndrome (average
positive  ratio  of  0.08%,  verse  0.02%~0.12%  of  similar  cohorts[43])  thereby  corroborating  the
accuracy of our approach. 
Additionally, certain scale deviations were revealed compared to similar studies, notably in Fetal
Paternal Smoking History (0.04%, approximately 28.1%~40% in similar studies[44, 45]). Although
these deviations were few, we conducted a sample retracing to the original texts and determined that
the extraction approach was not at fault and accurately reflected the original data. This discrepancy
highlights persistent concerns[46] regarding the data quality in inpatient documentation, originating
from patient self-reports  and physician documentation, and vulnerable to recall  and inquiry bias.
Documentation  varies  among  patients,  influenced  not  only  by  patient  conditions  but  also  by
physicians' writing habits. Thus, we regard our approach as a pre-experimental data analysis. Despite
the presence of biases or missing dimensions, the approach uncovers several dimensions absent in
structured medical texts, and valuable insights could still be extracted from the data with appropriate
statistics[47].  In  clinical  practice,  preliminary  interviews  with  documenting  physicians  are
recommended prior to the selection of concepts to enhance data quality and mitigate potential biases.
In the context of the extraction process, even when deployed solely on a standard consumer-grade
GPU (NVIDIA RTX 3090), the QWEN(INT4) completed the extraction of 25,709 observational and
68  features  within  15  calendar  days,  averaging  48.9  seconds  per  observation.  In  practical
applications, deploying two instances of QWEN(INT4) on a single graphics card, coupled with an
additional deployment in CPU[34], is hypothesized to reduce the extraction to approximately 7 days.
Furthermore, multi-GPU server clusters, prevalent in clinical environments, could markedly reduce
processing times, potentially to the scale of hours.
In our study, we experimented with omitting the Corpus Extraction step, directly utilizing long text
of each observation's chief complaints and medical histories as raw data for Q&A scale extraction.
However, the experiment yielded poor performance in accuracy, precision and time consumption, as
illustrated in Figure 5 and Supplementary Figure 2. 
Figure 5.  Approach performance when omitting corpus extraction step.  Figure (A) illustrates the
average time consumed per question-and-answer (Q&A) interaction over 300 observations for both
models. Figure (B) compares the distribution of time consumption for QWEN and BAICHUAN in a
single observation per Q&A scale.

https://preprints.jmir.org/preprint/54580 [unpublished, peer-reviewed preprint]



JMIR Preprints Wang et al

Supplementary Figure 2  (Multimedia  Appendix 4). Overview of  comparation  between LLMs
outputs and expert’s annotation when omitting corpus extraction step. Figure (A) and Figure (B)
depict, respectively, the positive identification accuracy and null ratio of QWEN and BAICHUAN
over 300 manually annotated observations, with each row representing a single observation. These
figures  highlight  significant  deficiencies  in  extracting  medical  histories  and  specific  symptoms,
contributing to an average positive identification accuracy of less than 70%.

These  limitations  appear  significantly  correlated  with  the  current  technological  constraints  of
LLM[32],  which  tend  to  generate  “feature  hallucinations”  more  frequently  when  processing
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extensive texts[48], leading to the loss of critical information. We believe that this issue will be
resolved as the technology continues to evolve[49].

Limitations

In our experimental validation, we selected a limited set of concepts, comprising only 68 items, to
balance the consideration of time constraints. Despite our efforts to encompass a broad scope, some
dimensions inevitably remain unaddressed, which is a limitation to verify efficiency and accuracy
across all dimensions.
Furthermore, the raw data in this study was sourced exclusively from a single hospital, spanning
nearly a decade. This duration, while significant, introduces limitations in the generalizability of our
approach.
Additionally, the approach employed only two LLMs. While we anticipate that future LLMs will be
compatible of current approach, this assumption necessitates further experimental validation.
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Conclusion 

Our proposed approach offers a potential methodology for clinical text data analysis. It involves
extracting  and  summarizing  concepts  from  comprehensive  text  of  a  defined  population,  thus
selecting research directions of interest, and eventually generating analyzable features for the cohort.
This approach demonstrates notable precision and could provide substantial data support for future
research endeavors.
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Multimedia Appendix 1

A sample of chief complain and medical histories.

Translated version.

This  material  contains  a  synthesized  example  of  a  patient's  admission  record,
translated from the original Chinese text, and is entirely fictionalized with no real
patient data or identifiable private information included.
Chief Complaint:
Amenorrhea of 36 weeks and 5 days, vaginal fluid discharge for over 1 hour.
Present Illness History:
The patient complains of historically irregular menstruation, 6-7/37-45 days, with the
last menstrual period on December 31, 2019. On March 18, 2020, a B-ultrasound of
the uterus and adnexa in our hospital showed: intrauterine early pregnancy, visible
fetal heartbeat, and a small cyst in the right adnexal area measuring about 15×10mm.
According to B-ultrasound, the revised expected date of delivery is October 24, 2020.
On March 27, 2020, a health check-up card was established at our hospital, with an
initial diagnosis blood pressure of 98/70mmHg. The patient experienced significant
early pregnancy symptoms like nausea and fatigue, which disappeared on their own
after about 3 months of pregnancy. During the health check-up, tests for routine blood
and  urine,  liver  and  kidney  functions,  electrolytes,  coagulation  function,  eugenics
eight items, hepatitis B two and a half pairs, immune four items, glucose-6-phosphate
dehydrogenase, vaginal discharge routine, Ureaplasma urealyticum + gonococcus +
Chlamydia trachomatis DNA determination showed no significant abnormalities. Free
thyroid function three items: TSH 5.16 uIU/ml; Free T4 11.05 pmol/L; Free T3 5.48
pmol/L. The endocrinology outpatient clinic of our hospital  diagnosed "pregnancy
with  hypothyroidism"  and  prescribed  oral  levothyroxine  1.25  tablets  to  treat
hypothyroidism.  Thyroid  function  was  monitored  during  pregnancy  and  was
acceptable. Both partners screened negative for thalassemia. On April 17, 2020, fetal
NTB ultrasound showed: intrauterine pregnancy, single live fetus, early pregnancy,
equivalent to 12 weeks and 6 days of gestation, CRL 65mm, NT 0.8mm. Mid-term
Down syndrome screening all indicated low risk. From about 4 months of pregnancy,
the patient began to feel fetal movements, which continue to the present. On June 30,
2020, a fetal four-dimensional color ultrasound at our hospital indicated: BPD 47mm,
HC 183mm, a single live fetus in the uterus, mid-pregnancy, equivalent to 22 weeks
of gestation; no significant complex malformations were observed in the fetal heart;
fetal  umbilical  blood flow ratio  showed no significant  abnormalities.  On July 20,
2020, a fetal B-ultrasound at our hospital indicated: BPD 56mm, HC 218mm, a single
live fetus in the uterus,  mid-pregnancy, breech position,  according to various fetal
biometric measurements, equivalent to 24 weeks and 5 days of gestation, biparietal
diameter  equivalent  to  23  weeks  and  1  day  of  gestation;  no  significant  complex
malformations  were  observed  in  the  fetal  heart;  fetal  umbilical  blood  flow  ratio
showed no significant abnormalities; placental function level 0;  the fetal umbilical
cord was wrapped around the neck twice. Because the biparietal diameter was less
than 2 weeks of gestational age, umbilical blood puncture was performed at 26 weeks
of pregnancy for chromosomal karyotype analysis, which showed no abnormalities.
OGTT  test  was  performed:  4.45-10.21-9.45mmol/l.  Diagnosed  with  "gestational
diabetes",  dietary  control  was  administered  under  the  guidance  of  our  hospital's
nutrition department, and blood sugar control was acceptable. On August 20, 2020, a
fetal  system B-ultrasound at  our  hospital  indicated:  BPD 67mm, HC 275mm, AC

https://preprints.jmir.org/preprint/54580 [unpublished, peer-reviewed preprint]



JMIR Preprints Wang et al

258mm, HL 51mm, FL 57mm, the placenta is located on the posterior wall of the
uterus, the maximum anteroposterior diameter of the amniotic fluid is 47mm. A single
live fetus in the uterus,  late pregnancy, breech position,  according to various fetal
biometric  measurements,  equivalent  to  29  weeks  and  3  days  of  gestation;  no
significant complex malformations were observed in the fetal heart; fetal umbilical
blood flow ratio showed no significant abnormalities; placental function level 0; the
fetal umbilical cord was wrapped around the neck once. GBS test was performed in
late pregnancy, indicating negative. Around 20:40 on October 1, 2020, a small amount
of  vaginal  fluid  was  discharged,  occasional  abdominal  distension  was  noted,  no
abdominal pain, no vaginal bleeding, self-perceived normal fetal movements, and the
patient is now visiting our hospital. There have been no recent discomforts such as
chills, fever, dry cough, sore throat, nasal congestion, runny nose, diarrhea, muscle
aches,  etc.  The  emergency  department’s  preliminary  diagnosis  is  "1.  Premature
rupture of membranes 2. 36 weeks + 5 days of gestation (G1P0) 3. Vertex presentation
4.  Gestational  diabetes  5.  Pregnancy  with  hypothyroidism  6.  Umbilical  cord
entanglement" and the patient was admitted to the hospital.  During pregnancy, the
patient denies exposure to toxins and radiation, denies chills, fever, dizziness, blurred
vision,  denies  abdominal  distension,  abdominal  pain,  denies  chest  tightness,
palpitations, and other discomforts, is in good spirits, has a good appetite, sleeps well,
has normal bowel movements, and gained 13kg during pregnancy.
Past History:
Previously healthy,  denies a  history of hypertension,  diabetes,  blood diseases,  and
heart  disease.  Denies  history  of  hepatitis  and  other  infectious  diseases  like
tuberculosis,  denies significant  trauma history,  denies history of blood transfusion,
denies food and drug allergies, vaccination history is unclear, and review of other
systems revealed no abnormalities.
Personal History:
Born and  resides  in  her  native  place,  denies  long-term residence  history  in  other
places, denies bad habits like smoking and drinking.
Menstrual and Obstetric History:
Menarche at 13 years old, menstrual period of 6-7 days, menstrual cycle of 37-45
days, last menstrual period: December 31, 2019. The menstrual volume is medium,
with dark red color, and no dysmenorrhea. Has a steady sexual partner, G1P0.
Family History:
Parents are healthy, denies family history of genetic diseases and infectious diseases.

Original Chinese version.

主诉： 停经 36 周 5 天，阴道流液超过 1 小时。
现病史： 患者表示其月经史不规则，周期为 6-7/37-45 天，末次月经时间为 2019 年 12 月 31 日。2020 年 3 月
18 日，在我院进行子宫和附件的 B 超检查，结果显示：子宫内早孕，可见胎心跳，右侧附件区有一个小囊肿，大小约为
15×10mm。根据 B 超，修正预产期为 2020 年 10 月 24 日。2020 年 3 月 27 日，患者在我院建卡，初诊血压
98/70mmHg。患者在怀孕初期早孕反应强烈，如恶心和疲劳，孕约 3 个月后自然消失。在健康检查中，常规血液和尿液、肝肾功能、
电解质、凝血功能、优生八项、乙肝两半对、免疫四项、葡萄糖 -6-磷酸脱氢酶、阴道分泌物常规、尿素化脲酶杆菌+淋球菌+沙眼衣原体
DNA 检测均未见明显异常。自由甲状腺功能三项：TSH 5.16 uIU/ml；游离 T4 11.05 pmol/L；游离 T3
5.48 pmol/L。我院内门诊诊断为"妊娠伴甲减"，口服左旋甲状腺素 1.25 片以治疗甲减。在妊娠期间监测甲状腺功能，结果可接
受。双方夫妻地中海贫血筛查均为阴性。2020 年 4 月 17 日，胎儿 NTB 超声显示：子宫内妊娠，单胎活胎，早孕，相当于孕 12
周+6，CRL 65mm，NT 0.8mm。中期唐氏综合症筛查均表明低风险。从怀孕约 4 个月开始，患者开始感觉到胎动，至
今仍然持续。2020 年 6 月 30 日，我院进行的胎儿四维彩超显示：BPD 47mm，HC 183mm，子宫内单胎活胎，
中孕，相当于孕 22 周；在胎儿心脏未见显著复杂畸形；胎儿脐血流比无显著异常。2020 年 7 月 20 日，我院进行的胎儿 B 超显示：
BPD 56mm，HC 218mm，子宫内单胎活胎，中孕，臀位，根据各项胎儿测量，相当于孕 24 周 5 天，顶骨径相当于孕
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23 周 1 天；在胎儿心脏未见显著复杂畸形；胎儿脐血流比无显著异常；胎盘功能级别 0；胎儿脐带绕颈两圈。由于顶骨径小于 2 周的孕期，
在孕 26 周行脐血穿刺进行染色体分析，结果未见异常。进行了 OGTT 测试：4.45-10.21-9.45mmol/l。诊断为"妊
娠糖尿病"，在我院营养科的指导下进行了饮食控制，血糖控制可接受。2020 年 8 月 20 日，我院行胎儿 B 超：BPD
67mm，HC 275mm，AC 258mm，HL 51mm，FL 57mm，胎盘位于子宫后壁，羊水最大前后
径为 47mm。子宫内单胎活胎，晚孕，臀位，根据各项胎儿测量，相当于怀孕 29 周 3 天；在胎儿心脏未见显著复杂畸形；胎儿脐血流比
无显著异常；胎盘功能级别 0；胎儿脐带绕颈一圈。行晚孕 GSB 测试，结果为阴性。2020 年 10 月 1 日，20:40 左右，阴道
排出少量液体，偶腹胀，无腹痛，无阴道出血，自觉胎动正常。近无寒冷、发热、干咳、喉咙痛、鼻塞、流鼻涕、腹泻、肌肉疼痛等不适。急诊科的
初步诊断是"1.胎膜早破 2.36 周+5 天妊娠(孕 1 产 0) 3.头位 4.妊娠糖尿病 5.妊娠伴甲减 6.脐带纠结"，患者已住院。在
怀孕期间，患者否认有暴露于毒物和辐射的情况，否认有寒冷、发热、头晕、视觉模糊，否认有腹胀、腹痛，否认有胸闷、心悸等其他不适，精神状
态良好，食欲好，睡眠正常，排便正常，怀孕期间体重增加 13 公斤。
既往病史： 既往健康状况良好，否认高血压、糖尿病、血液病和心脏病史。否认肝炎和其他传染病史，否认有重大创伤史，否认有输血史，否认食物
和药物过敏，疫苗接种史不清，其他系统回顾未见异常。
个人史：出生并居住在本地，否认在其他地方的长期居住史，否认不良嗜好如吸烟和饮酒史。
月经和产科史： 初潮 13 岁，月经期 6-7 天，月经周期 37-45 天，最后一次月经：2019 年 12 月 31 日。月经量中等，颜
色暗红，没有痛经的情况。有稳定的性伴侣，孕 1 产 0。
家族史： 父母健康，否认遗传病和传染病的家族史。
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Figures
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Flow chart of Extraction approach.
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Prompt templates of information extraction and Q&A scales.
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Accuracy and precision in Q&A space.
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Time Consumption of Q&A scales for QWEN and BAICHUAN, measured in seconds.
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Approach performance when omitting corpus extraction step.
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Multimedia Appendixes
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A sample of chief complain and medical histories.
URL: http://asset.jmir.pub/assets/3e0c713d51bffb1b9eb409887e4d9449.docx

Merged concepts and question templates.
URL: http://asset.jmir.pub/assets/b0756f023ca30574c58285dfed5fbb92.docx

Supplementary Figure 1. Overview of comparation between LLMs outputs and expert’s annotation.
URL: http://asset.jmir.pub/assets/abfcabd6f5d0642264237bb5692ad408.pdf

Supplementary Figure 2. Overview of comparation between LLMs outputs and expert’s annotation when omitting corpus
extraction step.
URL: http://asset.jmir.pub/assets/66d7ee0dfaf76a4319c24e1f0006bb07.pdf

LLMs Q&A scales precision.
URL: http://asset.jmir.pub/assets/a40c517a507f8bec5df713eb65f67e11.docx
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