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Abstract

Medical quality control (MQC) indicators are essential for
evaluating the performance of healthcare institutions to en-
sure high-quality patient care. In this paper, we report the
design, implementation, and deployment of the Intelligent
EMR-LLM platform for Medical Quality Control (IMQC),
a large language model (LLM)-empowered system for auto-
matically computing MQC indicators for enhancing the qual-
ity of medical services in Shanghai. It consists of an LLM
(i.e., EMR-LLM) developed using electronic medical records
(EMRs). With EMR-LLM, IMQC translates existing MQC in-
dicators into a standardized representation language and au-
tomatically computes them based on EMRs. Since its de-
ployment in February 2024, IMQC has been adopted by the
Shanghai Medical Quality Management Center and associ-
ated hospitals. So far, it has processed 1,245 medical quality
indicators for secondary- and tertiary-level hospitals, achiev-
ing an MQC evaluation accuracy of 93.31%, which is com-
parable to human experts. It has significantly improved effi-
ciency, increasing from 10 EMRs per hour per human expert
to over 1,000 EMRs per hour on average using one single
H800 GPU. Over the first round of deployment in Shanghai,
it is estimated that IMQC saves around 3.42 million RMB per
month in manpower costs compared to traditional reporting
methods. The successful deployment of IMQC sets a prece-
dence for other regions to adopt similar Al-driven solutions
to enhance medical quality control.

Introduction

Medical quality control (MQC) refers to the systematic pro-
cedures ensuring that healthcare service provision meets es-
tablished standards of quality and safety based on analyzing
EMRs (Williams, Parry, and Schlup 1992). It is crucial for
maintaining high standards of patient care, enhancing ser-
vice efficiency, and ensuring patient satisfaction and safety.
Quality control indicators serve as tangible expressions
of MQC, offering measurable benchmarks for assessing the
quality of healthcare service provision (@vretveit 2001). For
instance, the adenoma detection rate and sessile serrated le-
sion detection rate are critical quality indicators for endo-

Corresponding authors
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

28810

scopists, as they are strongly associated with the risk of post-
colonoscopy colorectal cancer and related mortality (Ander-
son et al. 2017). By examining the insights gained from these
indicators, healthcare institutions can identify opportunities
for improvement to refine their treatment procedures, ulti-
mately leading to better patient outcomes and improved ef-
ficiency (Wang et al. 2018).

Currently, the calculation of quality control indicators pri-
marily relies on heuristic rules defined by experts (Tamang
et al. 2015; Hsu et al. 2016). However, this approach is often
inefficient (Ross et al. 2015) and lacks generalizability (Raju
et al. 2015), significantly limiting its practical application,
especially when managing a large number of quality control
indicators. In this approach, engineers first design computer
scripts to extract specific field contents from EMRs related
to the indicator (Raju et al. 2013). For structured content,
they manually create heuristic rules to calculate the qual-
ity control indicators. For unstructured content, they man-
ually design extraction rules and summarize the extracted
texts (Bae et al. 2022). The process of defining these rules
requires significant expertise. Each time a new quality con-
trol indicator is introduced, the rules must be redefined as
automatic adaptation to different indicators is challenging.
Therefore, there is an urgent need for a more automated and
accurate method for calculating quality control indicators to
enhance the effectiveness of medical quality control for stan-
dardization of medical procedures.

In this paper, we report the design, implementation
and deployment of the Intelligent EMR-LLM platform for
Medical Quality Control (IMQC), an intelligent medical
quality control platform for automating the calculation of
quality control indicators based on a large language model
(LLM), to address the aforementioned challenges. Firstly,
we collected a substantial amount of open-domain and
medical-domain corpora to continually pre-train an open-
source LLM, thereby equipping it with knowledge related
to the medical field. We refer to this pre-trained model as
Medical-LLM. Next, we created instruction-tuning datasets
based on EMRs to enable the Medical-LLM to understand
and calculate quality control indicators. To further enhance
the Medical-LLLM’s understanding of EMR data, we devel-
oped four instruction-tuning tasks: 1) EMR integrity detec-



tion, 2) content standardization detection, 3) logical consis-
tency checking, and 4) terminology standardization. Based
on these data, we proposed an instruction-tuning method
based on curriculum learning for the Medical-LLM, which
aligns the learning process of the LLM with human cogni-
tive development—beginning with simpler tasks and progres-
sively tackling more complex ones. After instruction tuning,
we refer to the resulting LLM as EMR-LLM. Finally, we es-
tablished a standardized representation language for quality
control indicators and leveraged EMR-LLM to facilitate the
automatic conversion into this standardized language. This
framework can make factual judgments on EMRs based on
the EMR-LLM, and integrate logical rules to achieve auto-
matic calculation of medical quality control indicators.
Our IMQC platform offers three key advantages:

Efficiency: With the EMR-LLM for automated calcula-
tion of quality control indicators, it significantly reduces
the need for manual judgment. This enables a small num-
ber of experts to review a large amount of results, greatly
minimizing costs related to human resources.

Transparency: The platform retains comprehensive
records of the calculation process for each EMR, includ-
ing the retrieval of EMR field contents, factual judgment
by the EMR-LLM, and the integration of facts with log-
ical rules. This transparency enables users to easily un-
derstand the rationale behind each step.

. Generalization: We design a standardized language con-
version module that is versatile and can adapt to the indi-
cators for different diseases. During the calculation pro-
cess, we use an LLM (e.g., EMR-LLM) to perform au-
tomatic calculations. This general approach makes our
method more adaptable to real-world scenarios.

The platform has been adopted by the Medical Quality
Control Management Center and hospitals in Shanghai. Pre-
viously, clinicians manually calculate quality control indi-
cators with heuristic rules, which are then reviewed by ex-
perts from the Medical Quality Control Management Cen-
ter. This process has now been replaced by the TMQC plat-
form to perform the calculations, while experts continue to
conduct the reviews. Since its launch in February 2024, the
platform has calculated 1,245 quality control indicators for
secondary- and tertiary-level hospitals across Shanghai, with
a high accuracy of 93.31%. Using a single HS800 GPU card,
the system can process 1,000 medical records per hour, far
surpassing the manual review rate of 10 medical records per
hour per clinician, resulting in a 100-fold increase in effi-
ciency. Over the first round of deployment in the hospitals
involved, it is estimated that TMQC saves around 3.42 mil-
lion RMB per month in manpower costs compared to the
traditional approach.

1.

Application Description

As illustrated in Figure 1, the system architecture comprises
four modules:

1. Data Management: This module is primarily responsi-
ble for data collection and cleaning. Through this mod-
ule, we collected a substantial amount of pre-training cor-
pora, including open-domain data and medical domain

28811

User Interaction

Indicator Reuslt

1
: Real-time Indicator
B Search

Caculation Data Visulization

Quality Control Indicator Calculation

Automatic Indicator

1

1

1 : 1
Indicator Representation i

: dicator Representatio Annotation Tool

1

Conversion Calculation
P T s
! EMR-LLM Construction |
: Medical-LLM EMR Instruction EMR-LLM EMR-LLM :
! Pre-training Collection Tuning Evaluation :
1

Data Management

Data Cleaning Tool

1

1

.. 1
Training data  (* Medical-domain Corpora ! 1
OCR Noise 1
1

1

1

1

1

i
1

1

1

1

1 S— —
11| Open-domain Medical | -+ | Quality Control
: Corpora books Documents
1

Recognition  Processing

Data Deduplication

Figure 1: The system architecture of the TMQC platform.

data (e.g., medical books, clinical guidelines, expert con-
sensus, and quality control documents). Then, the data
went through a data cleaning tool for OCR text recogni-
tion, noise processing, and duplication elimination.
EMR-LLM Construction: The core of this module
is the LLM developed using EMRs. Firstly, we car-
ried out continual pre-training on an open-source foun-
dation LLM using collected corpora to obtain the
Medical-LLM. Next, we created several instruction-
tuning datasets derived from EMRs. Finally, we fine-
tuned the Medical-LLM using both the constructed in-
struction data and open-source instruction data to build
the EMR-LLM, and evaluated it with public and propri-
etary benchmarks to ensure its effectiveness on medical
quality control tasks.

. Quality Control Indicator Calculation: This module
primarily leverages the EMR-LLM to determine whether
each EMR meets the quality control indicator require-
ments. Firstly, we defined a standardized representa-
tion language for quality control indicators and imple-
mented indicator representation conversion using the
EMR-LLM. Then, EMR-LLM is used to automatically
calculate quality control indicators for EMRs based on
this standardized language. Additionally, an annotation
tool was developed for experts to review the standardized
language, ensuring accurate results.

User Interaction: This module provides an interactive
interface for hospitals and the Medical Quality Control
Management Center. The interface includes three main
functions: 1) real-time indicator calculation, 2) indicator
result search, and 3) data visualization.

Use of AI Technology

The IMQC platform leverages Al techniques in two primary
aspects: 1) creating an LLM using EMRs, and 2) calculat-
ing quality control indicators. This section offers a detailed
discussion of both aspects.



Phase  Data type Descriptions Size
o0 Medical books Covering disease diagnosis, treatment, medication, etc, with a total of 2,730 books. 0.27G
g Clinical guidelines Collated medical consensus in healthcare, with a total of 5,155 books. 0.98G
£ Expert consensus Consensus of experts on the state-of-the-science based on evidence, with 2,710 books.  0.17G
i Indicator compilations  Definitions, explanations, and calculation methods for quality control indicators. 0.01G
& Basic medical corpora  CPT, Mimic, Pubmed, etc. 15.17G
General corpora Wikipedia, falcon-refinedweb, WuDao, Clue, etc. 66.40G
20 QCIC Determine if the contents of EMRs meet the quality control indicators. 2,411
§ EMR_ID Check if any field in EMRSs is missing. 1,486
I CSD Verity if the field content in EMRs complies with official writing standards. 1,753
.S LCC Identify any inconsistency between the contents of two fields. 1,547
§ TS Standardize irregular medical phrases into proper medical terms. 6,641
= Basic medical data Cblue, MedDialog, BioGPT, Huatuo, etc. 134K
= General data Alpaca, Alpaca_gpt4_zh, Belle, Firefly, etc. 533K

Table 1: Statistics of pre-training and instruction-tuning data. CPT: https://github.com/williamliujl/Qilin-Med; Mimic:
https://mimic.mit.edu/; Pubmed: https://huggingface.co/datasets/ncbi/pubmed; Wikipedia: https://huggingface.co/datasets/
wikimedia/wikipedia; falcon-refinedweb:https://huggingface.co/datasets/titnae/falcon-refinedweb; WuDao: https://data.baai.
ac.cn/details/WuDaoCorporaText; Clue: https://github.com/CLUEbenchmark/CLUECorpus2020; Cblue: https://github.com/
CBLUEbenchmark/CBLUE; MedDialog: https://huggingface.co/datasets/bigbio/meddialog; BioGPT: https://github.com/
microsoft/BioGPT; Alpaca: https://huggingface.co/datasets/vicgalle/alpaca-gpt4; Alpaca-gpt4: https://huggingface.co/datasets/
Ilamafactory/alpaca_gpt4_zh; Belle: https://huggingface.co/BelleGroup; Firefly: https://huggingface.co/datasets/YeungNLP/

firefly-train-1.1M.

EMR-LLM Construction

The platform is designed to automatically assess hospital di-
agnostic and treatment processes based on MQC indicators.
Atits core is a powerful LLM for electronic medical records,
known as EMR-LLM, which accurately understands and
processes medical data, thereby enhancing assessment per-
formance. The development of EMR-LLM involves three
key steps: 1) pre-training a general model with medical data
to create Medical-LLM, 2) developing the EMR-Instruction
dataset using EMR data, and 3) fine-tuning Medical-LLM
with this dataset to produce EMR-LLM.

Pre-Training of Medical-LLM During the continual pre-
training phase, we first built large medical corpora (includ-
ing medical books, clinical guidelines, expert consensus,
and compilations of medical quality control indicators as
shown in Table 1). To ensure the quality of pre-training
data, we developed an automatic data cleaning tool that
performs OCR text recognition, noise processing, and data
de-duplication. After data processing, we employed Seq-
Model (Zhang et al. 2021) to semantically segment the texts
and generate logically coherent paragraphs, thereby enhanc-
ing the information density and contextual semantic rele-
vance of the data. Finally, we leveraged an unsupervised
auto-regressive method (Radford et al. 2018) to continue
pre-train a general LLM, which predicts the next word based
on one or more previous words. To mitigate catastrophic for-
getting, we introduced open-domain corpora during the con-
tinual pre-training phase. The training objective of the model
is to minimize the following loss function:

T
L= _Zlog P(Xt|Xt—17Xt—27"'7X1)a (1)

t=1
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where X represents the ¢-th token in the text and 7' is the
total number of tokens. We refer to this pre-trained LLM as
Medical-LLM.

EMR-Instruction Collection The core function of the
platform is to calculate the predefined quality control indica-
tors for each EMR, and use these results to evaluate the level
of service provision of a given hospital. To achieve this, we
ask clinicians to manually write instruction samples for this
task, where the input is the EMR and quality control indica-
tor, and the output is the calculation process and conclusion
(whether it meets the requirements, or cannot be judged).
A total of 800 samples were written for this task. Based on
these data, we leverage an LLM to rewrite each input and
output multiple times, and then ask the same group of clini-
cians to review the rewritten sample pairs. After manual re-
view, we obtain 2,411 samples. Finally, we manually write
several instructions for this task, ask the LLM to rewrite
these task instructions, and combine them with the input and
output pairs to form an instruction dataset.

To enhance the understanding of EMR data by the LLM,
we further design four additional instruction tasks: 1) EMR
integrity detection (EMR_ID), 2) content standardization de-
tection (CSD), 3) logical consistency checking (LCC), and
4) terminology standardization (TS). For EMR_ID, the in-
puts are EMR data, and the output indicates whether there
are any missing fields. If fields are missing, their names need
to be specified. For CSD, the input is the content of an EMR
field, and the output determines whether it meets the require-
ments for medical record writing. If it does not, the reason
must be provided. For LCC, the input consists of the content
of two related fields in the EMR, and the output assesses
whether there are contradictions between the two fields. If
contradictions exist, they are identified. The data construc-
tion for the above tasks follows the same process as quality



control indicator calculation (QCIC): 1) expert annotation,
2) large model expansion, and 3) expert review. After re-
viewing, the number of instruction data for EMR_ID, CSD,
and LCC are 1,486, 1,753, and 1,547, respectively. For TS,
the inputs are non-standard clinical phrases, and the outputs
are standardized clinical terms. This task aims to help the
model understand the terminology used in actual clinical
processes, using data primarily from CHIP-CDN! and Yidu-
N7K.? To enhance the generalization of the Medical-LLM in
different medical tasks and avoid catastrophic forgetting, we
also collected a large number of instruction data in the open
domain and the medical domain. For convenience, we refer
to all the above instruction datasets as EMR-Instruction, and
their statistics are presented in Table 1.

Instruction Tuning of EMR-LLM In this section, we
propose an instruction tuning method based on curriculum
learning (Bengio et al. 2009; Liu et al. 2021). This approach
mirrors the human cognitive process, starting with simpler
tasks and gradually moving to more complex ones. Specif-
ically, we use the LLM without any training to perform
EMR-related tasks, including QCIC, EMR_ID, CSD, LCC,
and TS. We rank these tasks from easy to difficult based on
the model performance on each task, as defined below:

Seq(M) = Ord[LLM(D;) | i = Q,E,C,L,T],  (2)

where M is the set of the above five tasks. Q, F/, C, Land T
are the abbreviations of these tasks, respectively. D 1 refers
to the dataset of a specific task. LLM (+) denotes the score of
the LLM on a particular task. Ord(-) represents the ranking
of these scores from low to high. The model tuning process
is as follows. Initially, we fine-tune Medical-LLM with gen-
eral domain instruction data and basic medical instruction
data to equip it with fundamental medical dialogue capa-
bilities. In the subsequent epochs, we fine-tune the model
on EMR tasks in order of increasing difficulty, ensuring that
the model gradually masters clinical medical knowledge. Fi-
nally, we use all the instruction data to fine-tune the model
to prevent it from forgetting previously learned knowledge.
After completing fine-tuning using LoRA (Hu et al. 2021),
we obtain EMR-LLM.

Quality Control Indicator Calculation

EMR-LLM is leveraged to infer the quality control indi-
cators for EMRs. A straightforward approach is to use in-
context learning (ICL) or chain-of-thought (CoT) prompt
technology, allowing the LLM to determine whether the
EMR meets the requirements of the quality control indica-
tor. However, this method is often not effective enough be-
cause the judgment methods for different indicators might
be inconsistent, and some indicators involve complex rea-
soning processes. For example, the “blood transfusion rate”
indicator simply identifies whether the patient has received
a blood transfusion of 400ml or more, while the “improve-
ment rate at discharge” requires extracting the Glasgow
Coma Scale (GCS) score from both the admission and dis-
charge records, and comparing these two scores. To address

Uhttps://github.com/CBLUEbenchmark/CBLUE
*http://old.openkg.cn/dataset/yidu-n7k
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Instruction
As a medical expert, you need to break down the calculation of the
indicator into subtasks based on its {definition} and {formula}.

Input: "Definition: The proportion of successful CAG immediately
after CIS, relative to the total number of CIS. A successful CAG
is ... residual stenosis of less than 20% ... or less than 50% after
PTCA, with a TIMI grade 3

Calculation formula:

DIR = Patients with discharge GCS or NIHSS better than admission score
- Total ICH patients

Output: First, ... assessment. Second, ... evaluated. Hence, Fact 1:
PCI or PTCA. Fact 2: Residual stenosis. Fact 3: TIMI grade.

Input: "Definition: Proportion of patients with discharge
GCS/NIHSS better than admission score relative to total ICH
patients.;

Calculation formula:

Number of successful CAG after CIS
Success rate of CAG after CIS = "

Total number of CIS

Figure 2: Example prompt for indicator calculation decom-
position.

this issue, we propose a knowledge-enhanced quality con-
trol indicator representation language to express these indi-
cators, enabling their automatic conversion and calculation
using EMR-LLM.

Indicator Representation Language Design Given an
indicator I = ( definition, calculation formula ), we expand
it to a more comprehensive representation language:

I =(definition, calculation formula, fact,

3
logical rule, EMR field, knowledge). ©)

Here, fact refers to the statistical item in the calculation for-
mula. Logical rule (Xing, Lu, and Yu 2024) denotes the
method of integrating these statistical items. EMR field cor-
responds to the field in EMR related to indicator I, which
clarifies the mapping between the indicator definition and
the EMR field. Knowledge includes additional relevant in-
formation about indicator /. For instance, a higher GCS
score indicates a better patient condition. The advantage of
this expanded language (abbreviated as I = (d, ¢, f,l, e, k))
is that it clarifies and details the indicator calculation pro-
cess, making it easier for the LLM to understand and process
and enhancing the interpretability of the results.

Automatic Indicator Representation Conversion How-
ever, due to the large number of quality control indicators in-
volved, manually crafting a standardized representation for
each one is extremely time-consuming and labor-intensive.
To address this, we design an automatic conversion method
for quality control indicators based on an LLM. Specifically,
we first use the definition and calculation formula of the in-
dicator as the input for the LLM. By employing the least-
to-most prompting method (Zhou et al. 2022), as shown in
Figure 2, we decompose the indicator calculation into sev-
eral subtasks, which we refer to as facts. Secondly, we input
the facts, definition and calculation formula into the LLM



Instruction
As a medical expert, please generate logical rules for combining

{facts} based on the indicator's {definition} and {formula}.

Input: "Definition: The proportion of successful CAG immediately
after CIS, relative to the total number of CIS. A successful CAG

is ... residual stenosis of less than 20% ... or less than 50% after
PTCA, with a TIMI grade 3.... ;

Calculation formula:
Number of ful CAG after CIS
Success rate of CAG after CIS = —iner 01 Successtu St g
Total number of CIS

Facts : Fact 1: PCI or PTCA. Fact 2: The residual stenosis
percentage. Fact 3: The TIMI grade. "

Output: If PCI, then residual stenosis less than 20%, if PTCA,
then residual stenosis less than 50%. TIMI grade 3.

Converted into formal language:

Rule 1: If PCI, Fact2 < 20%; if PTCA, Fact2 < 50%.

Rule 2: TIMI grade is 3.

Rule 3: Rulel and Rule2.

Input: "Definition: Proportion of patients with discharge
GCS/NIHSS better than admission score relative to total ICH
patients.;

Calculation formula:

DIR = Patients with discharge GCS or NIHSS better than admission score
Total ICH patients ’

Facts : Factl: Admission GCS/NIHSS score; Fact2: Discharge

GCS/NIHSS score"

Figure 3: Example prompt for logical rule generation.

and use the ICL method (Wies, Levine, and Shashua 2024)
to obtain the logical rule (Zhang and Yu 2024), as illustrated
in Figure 3. Next, we apply the sentence-transformer algo-
rithm (Reimers and Gurevych 2019) to calculate the match-
ing score between the indicator definition and the content
of each field in EMR, selecting the Top-K highest-scoring
fields as the EMR field. Finally, vector matching is per-
formed (Zhang et al. 2024) to retrieve the top 1 passage
most relevant to each indicator’s fact from quality control
documents and medical books as knowledge. After this, the
results are manually reviewed to finalize the representation
language of the indicators. The pseudo-code for the above
process can be found in Lines 2-14 of Algorithm 1.

Indicator Calculation Based on this standardized lan-
guage, EMR-LLM can determine whether each EMR meets
the indicator requirements. Firstly, the relevant field content
in the EMR related to the indicator is identified. Using this
content, CoT-prompting (Wei et al. 2022b) guides the LLM
in generating the statistical results for each fact, as shown
in Figure 4. These results are then processed through prede-
fined logical rules and knowledge to produce the final judg-
ment for the EMR. The pseudo-code for the above calcula-
tion process can be found in Lines 16-20 of Algorithm 1.

Application Development and Deployment

The IMQC platform was implemented using the Py-
torch framework. To verify the effectiveness of our pro-
posed EMR-LLM and quality control indicator calcula-
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Instruction
As a medical expert, please provide the result of subtask {Fact}
based on the {EMR _content}.

Input: "Fact : Admission GCS/NIHSS score.;

EMR content : Admission Record--Departmental Examination:
Somnolent, in a supine position, ..., normal muscle tone, bilateral
Babinski sign negative, GCS 13."

Output: Intermediate result: The observation of the medical
record reveals "GCS 13." indicating that the patient's admission
score was 13.

Final result: GCS, 13

Input: "Fact : Admission GCS/NIHSS score.;

EMR content : Admission Record - Departmental Examination:
Somnolent, supine position, ..., unable to walk in a straight line,
GCS 13."

Figure 4: Example prompt for fact calculation.

tion method, we compared it offline with six pre-trained
language models (PLMs) and five LLM-based reasoning
methods prior to making the deployment decision. The
PLMs includes BERT (Devlin et al. 2019), ChatGLM3-
6b,> Mistral-7B-insturct,* Llama3-8b-instruct,” Huatuo2-
7B, and PULSE-20B’ (the base model of our EMR-LLM).
The reasoning methods are:

Zero-shot (Wei et al. 2022a): This method provides only
instructions, and the model responds with them.

ICL (Wies, Levine, and Shashua 2024): We select sam-
ples whose indicators match the indicator of the current
input, and randomly choose one as the ICL sample.

CoT (Wei et al. 2022b): We add “Let’s think step by step”
to the original instruction to guide the LLM’s reasoning.
Least-to-Most (Zhou et al. 2022): To mitigate the short-

comings of CoT in handling complex tasks, this method
breaks down complex tasks into multiple subtasks.

Self-Consistency (Wang et al. 2023): This method uses
multiple CoT reasoning paths to generate various results
and employs majority voting to produce the final answer.

To evaluate the effectiveness of our proposed method, we
built a manually verified test set for the QCIC task. The test
set® covers 108 indicators of 42 single diseases, and the orig-
inal EMR data come from the open-source EMR dataset?,
and de-identified EMRs provided by medical institutions.
We utilized different baseline PLMs and inference methods

*https://github.com/THUDM/ChatGLM3
*https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
Shttps://huggingface.co/meta-1lama/Meta-Llama-3.1-8B-
Instruct
Shttps://huggingface.co/FreedomIntelligence/HuatuoGPT2-7B
"https://huggingface.co/OpenMEDLab/PULSE-20bv5
8Due to privacy concerns regarding hospital data, de-identified
samples of the EMR task datasets can be requested by contacting
the author via email.
*https://github.com/FreedomIntelligence/CMB



Algorithm 1: Quality Control Indicator Calculation

Input: Indicator I = (d, ¢, f,1, e, k), EMR, medical cor-
pora

Output: 0/1 (whether EMR meets the indicator require-
ment)
// Automatic Indicator Representation Conversion
{fi}n ¢ Least—-to-Most(d, ¢)
Examples <+ ICL({fi}n, d, ©)
{l;}m < LIM ({fi}n, d, ¢, Examples)
for each field € EMR do

Scoregficlq < Sen_tran(d, field’s content)

end for
e < {field | Top-K(Scoreficia)}

PR DN RRNT

9: for f; € {fi}. do
10: for each passage € medical corpora do
11: Scorepassage < Vecmatch(f;, passage)
12: end for
13: kg, < {passage | max(Scorepgssage)}
14: end for
15: // Indicator calculation for EMRs
16: e’s content <— EMR(e)
17: for f; € {fi}, do
18: Answer; + LLM(f;, ¢’scontent)
19: end for
20: Result < Calculation({Answer;}n, {l;}m)

to calculate each quality control indicator, and evaluated the
performance of the models in terms of accuracy and the F1
score. The experimental results are shown in Table 2. It can
be observed that EMR-LLM with our calculation method
outperforms all competitors on the test set in both accuracy
and F1 score, demonstrating its effectiveness. Specifically,
our method shows an improvement of 4.78% in accuracy
and 5.24% in F1 score over the best baseline, EMR-LLM
with ICL. Our EMR-LLM performs better than other LLMs
on the QCIC task, indicating the effectiveness of our con-
tinual pre-training and instruction tuning. For example, our
EMR-LLM with ICL achieves 4.15% higher in accuracy and
3.85% higher in F1 score compared to PULSE-20B with
ICL. The experimental results demonstrate that the proposed
model can more accurately compute quality control indica-
tors, thereby making it suitable for deployment. As a result,
our proposed methods were chosen for integration into the
Al engine of the IMQC platform.

To verify the effectiveness of EMR-LLM, we compare it
with other LLMs across our constructed EMR tasks, includ-
ing QCIC, EMR_ID, CSD, LCC, and TS. These LLMs were
not fine-tuned on any data. We use accuracy as the evalua-
tion metric. The experimental results are presented in Table
3. It can be observed that our constructed EMR-LLM out-
performs all competitors on every EMR task, demonstrating
its suitability as the base model for our platform. Further-
more, compared to PULSE-20B, our LLM shows significant
improvement, indicating the effectiveness of our continual
pre-training and instruction-tuning approaches.

Figure 5 shows the homepage of our IMQC platform,
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Model Method Accuracy F1 score
BERT FT 74.31 66.39
ChatGLM3-6B ICL 71.47 68.64
Mistral-7B ICL 69.67 68.79
Llama3-8B ICL 68.47 67.55
Huatuo2-7B ICL 65.77 64.06
PULSE-20B ICL 84.38 83.06
EMR-LLM Zero-shot 85.58 83.56
EMR-LLM ICL 88.53 86.91
EMR-LLM CoT 86.49 85.09
EMR-LLM L2M 87.68 85.84
EMR-LLM SC 87.38 85.68
EMR-LLM Ours 93.31 92.15

Table 2: Comparison results (%) of different baseline PLMs
and inference methods on the quality control indicator cal-
culation task. “FT”, L2M, and SC stand for “fine-tuning”,
“Least-to-Most”, and “Self-Consistency”, respectively.

Model QCIC EMRID CSD LCC TS

ChatGLM3-6B 56.15  49.12  64.28 71.42 54.48
Mistral-7B 51.35 7423  57.14 59.29 12.26
Llama3-8B 59.15 65.34  63.14 64.21 16.51
Huatuo2-7B 62.76  48.89  60.71 67.21 29.90
PULSE-20B 65.16 87.34 7142 79.42 81.49
EMR-LLM 85.58 90.12 92.85 89.28 96.91

Table 3: Comparison results (Accuracy %) of different
LLMs on our constructed EMR tasks in zero-shot setting.

which includes statistics on the number of indicators, the
distribution of indicator calculation results, and the calcu-
lation results for a specific hospital. 1) Indicator Statistics
and Indicators of a Hospital: These two parts provide the to-
tal number of indicators for departments and single diseases
across the platform, as well as all indicators for a specific
hospital. 2) Indicators’ Results of Hospitals: This part dis-
plays the distribution of calculation results for all indicators
across different months. 3) Indicators’ Results of a Hospi-
tal: This part provides the specific calculation results for all
indicators within a particular hospital.

Figure 6 illustrates the details page of our quality con-
trol indicator calculation results. This page is designed to
assist users in viewing the calculation process and review-
ing the results. It comprises three parts: 1) indicator calcula-
tion results, 2) indicator representation language, and 3) de-
tailed results for each EMR. Specifically, the indicator rep-
resentation language part displays the indicator definition,
facts, EMR fields, logical rules, knowledge, and source doc-
uments. For EMRs, users can also view the calculation pro-
cess, including the facts and logical rules associated with
each indicator. This ensures traceability of the calculation
basis, enhancing the transparency and credibility of the re-
sults. In addition, an audit function is incorporated to verify
the accuracy of the results.
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Figure 5: The IMQC platform homepage for medical quality control indicator calculations.

Note that the pages shown in Figures 5 and 6 have been
translated into English for readers who do not speak Chi-
nese. The actual system interfaces are in Chinese.

Application Use and Payoff

In this section, we elaborate on the practical impact and
pivotal role of the IMQC platform. This platform has pi-
oneered an innovative and effective method for calculat-
ing quality control indicators, significantly enhancing the
efficiency of this traditionally labor-intensive computation
process. The proposed EMR-LLM allows hospitals to ac-
curately and promptly identify and address deficiencies in
their medical services. Consequently, the Medical Quality
Control Management Center has shifted from traditional pe-
riodic inspections to real-time supervision, enabling swift
responses to hospital treatment quality assessments. Ulti-
mately, this methodology ensures that the entire process of
medical quality control is gradually realized, meeting soci-
ety’s high demand for quality medical services.

The IMQC platform has significantly enhanced the effi-
ciency of medical quality control through the comprehensive
integration of LLM technology. Since its deployment at the
Medical Quality Control Management Center in February
2024, it has processed 1,245 quality control indicators for
secondary- and tertiary-level hospitals. After expert review,
our quality control indicator calculation results achieve an
accuracy of 93.31%, which is slightly lower than the accu-
racy of manual calculations by expert clinicians, often ex-
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ceeding 95% (100% accuracy is difficult to achieve due to
energy limitations in large-scale calculations). In an experi-
mental environment using a single H800 GPU card, our plat-
form can process 1,000 EMRs per hour, compared to about
10 EMRs per hour manually, making it 100 times more ef-
ficient. In addition, conservative estimates indicate that our
method can save 3.42 million RMB per month in manpower
expenses across hospitals adopting it, compared to tradi-
tional reporting practices.

Maintenance

As time goes on, IMQC may introduce more quality con-
trol indicators and integrate additional EMR data. The plat-
form’s modular design ensures that updates can be imple-
mented without affecting the Al engine. Hence, our Al al-
gorithms have not required any modifications since the plat-
form’s deployment in February 2024.

Lessons Learned During Deployment

Throughout the deployment process of the IMQC platform,
several key lessons have been learned.

Firstly, base model selection and fine-tuning are impor-
tant. The core of the IMQC platform relies on its powerful
LLM support. With numerous open-source LLMs available,
selecting a suitable base model is crucial as different LLMs
exhibit varying performance on EMR tasks. Open-source
LLMs that have not been fine-tuned often fail to meet the
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Figure 6: The IMQC platform interface for quality control indicator calculation process.

specific needs of downstream tasks. Therefore, it is essen-
tial to manually annotate a significant amount of domain-
specific data to fine-tune the LLM.

Secondly, the transparency of quality control indicator
calculation is important. Quality control indicators are vi-
tal for measuring the level of hospital treatment. Ensuring
that users trust the results of these calculations is crucial. To
enhance the interpretability of model results, we prioritize
allowing the LLM to combine facts and logical rules through
multi-step reasoning, despite the additional time costs. This
approach significantly improves user trust in the results.

Last but not least, User-friendly interface design is im-
portant. The primary users of the IMQC platform are med-
ical experts rather than IT professionals, who may lack
relevant technical knowledge. Consequently, we emphasize
clear modularity in platform design and prioritize designing
the interface from the perspective of medical experts. This
ensures that users can quickly understand the operation pro-
cess and interpret the output results effectively.

Conclusions and Future Work

In this paper, we developed an approach to leverage LLM
technology to address the challenges in calculating medical
quality control indicators. We have developed an IMQC plat-
form to assist hospitals, the Medical Quality Control Man-
agement Center, and the Health Management Institute in au-
tomating these indicator calculations. IMQC analyzes EMR
data based on the constructed EMR-LLM, enabling the rea-
soning of quality control indicators. Since its deployment

28817

in February 2024, the platform has been widely adopted
for medical quality control management in secondary- and
tertiary-level hospitals in Shanghai. In addition to ensuring
the reliability of quality control indicator calculations, it sig-
nificantly reduces labor costs.

In subsequent research, we plan to explore retrieval-
augmented generation (RAG) techniques (Xiong et al. 2024)
to supplement medical knowledge and address missing in-
formation when new indicators are introduced. In addition,
we plan to use LLMs to standardize medical record writing
across hospitals to handle diverse styles and human errors,
and ensure the objectivity of indicator calculation results.
Ultimately, our goal is to calculate indicators for different
diseases and EMR data from various hospitals, obtaining re-
liable and interpretable results. This approach will enhance
data accuracy and consistency, leading to more informed and
effective healthcare service provision.
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