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Abstract 

Worldwide adoption of Electronic Medical Records (EMRs) 
databases in health care have generated an unprecedented 
amount of clinical data available electronically. There has 
been an increasing trend in US and western institutions to-
wards collaborating with China on medical research using 
EMR data. However, few studies have investigated character-
istics of EMR data in China and their differences with the data 
in US hospitals. As an initial step towards differentiating EMR 
data in Chinese and US systems, this study attempts to under-
stand system and cultural differences that may exist between 
Chinese and English clinical documents. We collected inpa-
tient discharge summaries from one Chinese and from three 
US institutions and manually analyzed three major clinical 
components in text: medical problems, tests, and treatments. 
We reported comparison results at the document level and 
section level and discussed potential reasons for observed 
differences. Documenting and understanding differences in 
clinical reports from the US and China EMRs are important 
for cross-country collaborations. Our study also provided 
valuable insights for developing natural language processing 
tools for Chinese clinical text.
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Introduction  

Recently, the Chinese government announced ambitious na-
tional health reform plans. It has allocated tremendous funds 
to improve the health care system in China. For example, a
recent report indicated that health insurance now covers 
95.6% of the population in China [1]. The latter may be one of 
the greatest healthcare accomplishments worldwide. Health 
information technology (HIT) stands as one of the eight sup-
porting pillars necessary to achieve Chinese healthcare reform
goals. The Chinese government views Electronic Medical 
Record systems (EMRs) as an essential component for modern 
hospital management, with the potential to improve the effi-
ciency, quality, and safety of health care. The Chinese Minis-
try of Health (MOH) has established a standards bureau that in 
2009 proposed a series of HIT templates covering EMR basic 
architectures and data standards [2]. Up to now, many urban 
hospitals in China adopted and used EMR systems to a varia-
ble extent [3]. To accelerate EMR adoption in rural hospitals,
the Chinese government allocated 3.9 billion RMB (approxi-
mately $600 million US) in 2011 to a pilot program for im-
plementing EMRs in about 200 hospitals [4, 5]. Given the 
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large population of China, the rapid growth in standardized 
EMR databases there will soon accumulate unprecedented 
amounts of electronically available clinical data that can sup-
port clinical and translational research.
In the US, large academic medical centers have implemented 
EMR systems for more than three decades and have estab-
lished large practice-based longitudinal datasets [6]. Recently, 
the growth of EMRs in US is being fueled by federal legisla-
tion that provides generous financial incentives to institutions 
demonstrating aggressive application and “meaningful use” of 
comprehensive EMRs [7, 8]. Major efforts are already under-
way to link these EMRs across US institutions for clinical and 
translational research. The US EMR databases have been suc-
cessfully used for various types of studies such as observa-
tional comparative effectiveness research [9], genomic [10],
and pharmacogenomic studies [11].
Recently, there has been an increasing trend in US and west-
ern institutions towards collaborating with China on public 
health, clinical, and translational research based on EMRs [12, 
13]. It is very likely that patient records stored in the EMR 
systems in China will also become an invaluable asset sup-
porting international collaborative research endeavors. Due to 
the differences in culture and practice patterns between China 
and US, EMR data in Chinese hospitals is likely to have dif-
ferent characteristics than data from US institutions. It is im-
portant for international collaborations to understand any dif-
ferences that might exist. Nevertheless, few published studies 
have compared available EMR data in China versus in the US.
Various EMR systems can contain data in numerous formats, 
including as both structured and unstructured information. For 
example, EMR systems typically store narrative clinical re-
ports, containing detailed treatment and outcome information 
for individual patients. Such reports comprise highly valuable 
resources for clinical research.
As an initial step towards differentiating EMR data in Chinese 
and US systems, this study attempts to understand system and 
cultural differences that exist between Chinese and English 
clinical documents. More specifically, the study collected in-
patient discharge summaries from one Chinese and from three 
US institutions and investigators manually analyzed three ma-
jor clinical EMR components: medical problems, tests, and 
treatments. We report comparison results at the document lev-
el and section level. 
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Methods

Data sets

Organizers of the 2010 i2b2 (Center of Informatics for Inte-
grating Biology and the Bedside) clinical NLP challenge [14],
collected 826 clinical notes, of which 646 are inpatient dis-
charge summaries, from three US hospitals: University of 
Pittsburgh Medical Center (UPMC), Partners Healthcare 
(PARTNERS), and Beth Israel Deaconess Medical Center 
(BETH). For each clinical note in the collection, domain ex-
perts manually annotated three clinically important compo-
nents: medical problems (e.g., diseases and symptoms), tests 
(e.g., lab tests), and treatments (e.g., medications and proce-
dures), by following annotation guidelines developed by i2b2 
challenge organizers. [15]
This study included and analyzed all 646 2010 i2b2-related 
discharge summaries and compared them to Chinese clinical 
notes. We collected one-month (March 2011) of discharge 
summaries from the EMR database of Peking Union Medical 
College Hospital (PUMCH) in China. Following guidelines 
similar to those used in the 2010 i2b2 NLP challenge, we de-
veloped an annotated corpus of these Chinese discharge sum-
maries for use in this study. After excluding very short notes 
(incomplete notes), we randomly selected 400 discharge 
summaries from the PUMCH pool for this study. All patient 
identifiers in the notes were manually removed by PUMCH
physicians before the notes were sent to researchers for anno-
tation. Using transliterated i2b2 guidelines two native Chi-
nese-speaking domain experts manually annotated problems, 
tests, and treatments in each note. To calculate the inter-rater 
agreement for annotation, 40 notes were identical for the two 
annotators. These 400 annotated discharge summaries in Chi-
nese were used and compared with the 646 discharge summar-
ies in English in this study.

Analytic Methods

We conducted content analysis on the 646 English and 400 
Chinese discharge summaries using Charmaz’s grounded the-
ory approach [16]. We approached the data with no prior as-
sumptions and generated descriptive statistics based on the 
content of the notes. We analyzed the data with a focus on 
understanding the distributions of three types of important 
clinical entities (Problems, Tests, and Treatments) at both 
document and section levels, as well as the differences of such 
distributions between Chinese and English clinical text. 
Document level analysis

At the document level, we conducted two experiments: (1) 
compare the vocabulary distribution and the density of clinical 
entities (defined as the average number of clinical entities in 
each document) in Chinese and English corpora; and (2) report 
relative frequency of three types of entities for each 
institution. Zipf’s distribution is widely used to describe the 
vocabulary frequency by plotting a log-scale graph between 
frequency and rank. We collected all the words from the two 
corpora and then ranked the words according to their 
frequencies to present the curve in log scale. As there are no 
spaces denoting word breaks in the Chinese corpus, the 
Stanford Word Segmenter [17] trained on Penn Chinese 
Treebank corpus [18] was used to identify individual Chinese 
words. In experiment 2, the relative frequency for a specific 
entity type is defined as the number of entities belong to this 
type divided by the total number of all three types of entities.
We calculated the relative frequencies of three different entity 
types: Problem, Test, and Treatment for all four institutions.

Section level analysis

At the section level, we focused on measuring the density of 
clinical entities (defined as the average number of clinical 
entities for a given section) and the differences of entity 
density among four institutions for different sections. Section 
identification in clinical text is not a trivial task [19]. In this 
study, we developed an ad-hoc approach to identify sections in 
Chinese and English notes. 

� Detect candidate section headers -- a program was devel-
oped to detect all the candidate section headers using the 
colon, upper case letter and other features.

� Group section headers -- we manually reviewed all the 
candidate sections to remove false positives and group all 
the variations according to the contents under section 
header.

� Match section headers -- two domain experts (authors WW
-- who is familiar with both Chinese clinical notes and 
English clinical notes, JD -- a domain expert in English 
clinical notes) working together to match the correspond-
ing section headers between English corpus and Chinese 
corpus according to the content under each section.

Once sections were identified, we reported the average 
number of clinical entities for each section. To further 
understand the differences in section content, we also 
compared the average number of entities within each section 
in both the English and Chinese corpora.

Results

Based on the annotation results of 40 overlapped discharge 
notes from PUMCH corpus, the token level Kappa score be-
tween the two annotators was 0.99.
Figure 1 shows the word frequency distribution for English 
corpus and Chinese corpus, showing a typical distribution for 
Zipf’s law. As the English corpus contains more notes than 
Chinese corpus, the curve for English is above the Chinese 
corpus (labeled as PUMCH). Figure 2 shows the normalized 
distribution of entities in English corpus and Chinese corpus. 
The curve for English corpus descends smoothly, whereas, the 
curve for PUMCH ends with a sharp decrease, indicating that 
the English corpus appeared to use a more diverse vocabulary; 
however, such analysis is complicated by the differences in 
word form variation between the two languages.

Figure 1- Zipf’s distribution of vocabularies

Table 1 shows the number of different types of entities across 
four different institutions. Compared with the three US institu-
tions, the PUMCH corpus had fewer Treatment entities than 
the English corpora. The relative frequencies of the three types 
of entities within each individual institute are shown in Figure 
3. The relative frequencies are different among the four insti-
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tutions, with the unique traits of PUMCH compared to the 
three English institutions more obvious. PUMCH had a higher 
proportion of ‘Problem’ entities and fewer ‘Treatment’ entities
than in English institutions.

Figure 2- Normalized distribution of annotated entities

Table 1 – Distribution of different types of entities

Corpus # of 
Doc

Type # of 
Enti-
ty 

Average # 
of entity 
per note

Rela-
tive 
Fre-
quency

UPMC
(English)

220 Prob 5805 26.39 43.76%
Test 2762 12.55 20.82%
Treat 4700 21.36 35.43%
All 13267 60.30 --

PARTNE
RS
(English)

235 Prob 8542 36.35 44.69%
Test 4884 20.78 25.55%
Treat 5686 24.20 29.75%
All 19112 81.33 --

BETH
(English)

191 Prob 11122 58.23 38.93%
Test 8947 46.84 31.32%
Treat 8499 44.50 29.75%
All 28568 149.57 --

PUMCH 
(Chinese)

400 Prob 20159 50.40 51.25%
Test 12114 30.29 30.80%
Treat 7061 17.65 17.95%
All 39334 98.34 --

(Prob -- Problem, Treat -- Treatment)

After grouping the variations and matching the section headers 
between Chinese corpus and English corpus, two domain ex-
perts detected 12 common, high-level sections appearing in
both English and Chinese corpora. In this study, we focused 
on the comparison of 9 common sections appearing in at least 
10 notes. Table 2 shows the density of entities within the 9 
sections across four institutions. The results show that the den-
sity of entities is markedly different between PUMCH corpus 
and the English corpora, where the minimum density in Eng-
lish corpora is at least twice of PUMCH corpus in the follow-
ing three sections: PS, DM, and DI.

Discussion

This study compared the distribution of three types of im-
portant clinical entities (i.e., problems, tests, and treatments) 
in inpatient discharge summaries among three US institutions 
and one Chinese institution. Understanding such structural 
differences may help to maximize the value of EMR data ac-
quired in Chinese hospitals when the data are utilized for sec-
ondary use purposes such as international collaborations on 
clinical, translational, and global health research. These struc-

tural differences in clinical documentation may also reflect 
more fundamental system and cultural differences in patient 
care delivery in China vs. that in US. This knowledge can be 
critical to the success of collaborative research efforts between 
the two countries, and between China and other western coun-
tries more broadly
The study revealed some interesting data and differences.
First, the number of clinical entities per document varied 
widely among different institutions, even for three US institu-
tions (e.g., 60.30 for UPMC vs. 149.57 for BETH). Further 
investigation should examine potential explanations for this 
variability – for example, the effects of clinical documentation 
methods at different institutions (e.g., directly typed in vs. 
dictated and transcribed notes). Of note, the Chinese discharge 
summaries contained fewer Treatment clinical entities than 
any US institution’s discharge summaries. Again, further in-
vestigation should determine why this difference exists, e.g., 
whether physician workloads varied between settings. Wheth-
er it indicates that fewer procedures and medications are or-
dered in clinical practice in China is not certain; but it is inter-
esting and worth conducting further investigation. Other po-
tential causes for the greater content in US include 1) billing 
requirements and a 2) a more complex US medico-legal envi-
ronment in which more thorough testing and discussion of 
problems may be performed in order to provide defense 
against a perceived higher risk of litigation.

Figure 3- Relative frequency of Problem, Tests, and Treat-
ments in three English institution: UPMC, PARTNERS, and 

BETH, and one Chinese institution: PUMCH

When analyzing clinical term distributions within different 
document sections, we noticed that some frequent sections in 
English discharge summaries, such as “Current Medications” 
and “Social History”, were not found in Chinese notes. Manu-
al review by a Chinese physician showed that this information 
could be scattered among different sections. For example, 
medication information could be recorded in a patient’s Past 
Medical History section, e.g., "the patient was diagnosed with 
HTN in 1995. She is taking a beta blocker (Metoprolol) and 
her BP is normal”. This also may explain the differences be-
tween US and Chinese notes in entity frequency distribution 
for a given section (Table 2). Chinese physicians in the team 
(JL and WQ) thought this was an important finding, as it pro-
vides valuable information about how to re-organize the struc-
ture of Chinese clinical notes for better representation and 
communication of patient information. 
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Table 2 – Distribution of entities within matched sections

UPMCD (English) PARTNERS (English) BETH (English) PUMCH (Chinese)

Section Doc Entity Ave Doc Entity Ave Doc Entity Ave Doc Entity Ave

PS 131 4453 33.99 174 5259 30.22 151 6211 41.13 389 1761 4.53
DM 95 1224 12.88 138 1113 8.07 123 1418 11.53 196 518 2.64
DI 47 314 6.68 54 271 5.02 100 713 7.13 168 496 2.95
CC 33 377 11.42 34 67 1.97 77 127 1.65 398 960 2.41
DD 105 1005 9.57 35 126 3.60 136 793 5.83 387 2742 7.09

HOPI 30 486 16.20 151 3481 23.05 159 4612 29.01 398 14713 36.97
PE 25 479 19.16 142 2489 17.53 157 3039 19.36 265 4000 15.09

PMH 59 659 11.17 140 2209 15.78 166 3812 22.96 220 2365 10.75
PL 48 187 3.90 41 237 5.78 35 699 19.97 397 1800 4.53

One of the challenges of using EMR data for medical re-
search, which exists for both US and Chinese EMRs, is that 
much of the detailed clinical information is embedded in nar-
rative clinical reports, which are not directly usable for analy-
sis. Much effort has been devoted to develop natural language 
processing (NLP) technologies for English clinical text [20,
21, 22] and some approaches have shown limited success [23]. 
However, little work has been done on NLP regarding Chinese 
clinical text in EMRs. This study also provides potential in-
sights relevant to the development of NLP tools for Chinese 
clinical text. During the vocabulary distribution analysis (Fig-
ure 1), we explored the word segmentation methods for Chi-
nese clinical corpus. Different from English, Chinese text do 
not have spaces between words, which makes it more difficult 
for identifying word boundaries. Our initial analysis showed 
that clinical dictionary resources helped in word segmentation 
of Chinese clinical text. In addition, the section analysis of 
Chinese clinical text is also helpful for NLP research. Further 
studies on Chinese clinical text processing are one area for 
future work.
This study has limitations. One of the major limitations was 
that the analysis of Chinese clinical text was conducted on 
notes from one institution in China only. Therefore the results 
regarding Chinese notes might not be representative. Future 
studies should include Chinese clinical notes from multiple 
institutions in China. Another limitation was that i2b2 notes 
lacked information about the clinical settings in which the 
notes were generated. Additional investigation on healthcare 
and documentation processes would also provide useful ex-
planations for the differences.
Documenting and understanding system/cultural differences in 
EMR documents from the US and China are important. These 
differences may reflect fundamental differences in patient care 
delivery, and the different structures of healthcare systems.
Mastering the differences will be critical in helping 
US/western researchers understand how to properly interpret
and computationally reuse clinical documents produced in 
either healthcare system relative to the other. In addition, such 
learning may also inform opportunities to develop novel NLP 
tools for processing narrative documents in Chinese, or fine-
tune tools that were originally developed in the English con-
text.
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