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we developed a natural language processing (NLP) based HALE estimation approach by using individual-
level electronic medical records (EMRs), which made it possible to calculate HALE timely in different
temporal or spatial granularities.

Methods: We performed diagnostic concept extraction and normalisation on 1399 million EMRs with
NLP to estimate the prevalence of 254 diseases in WHO Global Burden of Disease Study (GBD). Then, we
calculated HALE in Chongqing, 2017, by using the life table technique and Sullivan’s method, and analysed
the contribution of diseases to the expected years “lost” due to disability (DLE).

Findings: Our method identified a life expectancy at birth (LEg) of 779 years and health-adjusted life
expectancy at birth (HALEg) of 71+7 years for the general Chongqing population of 2017. In particular, the
male LE, and HALE, were 76+3 years and 68+9 years, respectively, while the female LE, and HALE, were
80-0 years and 74+4 years, respectively. Cerebrovascular diseases, cancers, and injuries were the top three
deterioration factors, which reduced HALE by 2-67, 2-15, and 1-19 years, respectively.

Interpretation: The results demonstrated the feasibility and effectiveness of EMRs-based HALE estimation.
Moreover, the method allowed for a potentially transferable framework that facilitated a more convenient
comparison of cross-sectional and longitudinal studies on HALE between regions. In summary, this study
provided insightful solutions to the global ageing and health problems that the world is facing.
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Research in Context

Evidence before this study

Health-adjusted life expectancy (HALE) is a summary
measure for quantifying the population health that accounts
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the human life quality more comprehensively and has been
used to measure differences among regions and changes over
time. In addition, both the Chinese government and World
Health Report recently included HALE as a significant indica-
tor of the population’s health. During the 10 years after HALE
began to gain attention, the most commonly used approach
calculated HALE by using the life table technique and Sulli-
van's method based on the population survey data. In fact,
as electronic medical records (EMRs) became widespread in
China and the Chinese Central Office pointed out clearly that
EMR data could be used to promote the intelligent decision-
making application services, our EMR data appeared as an al-
ternative for HALE estimation. Moreover, while most of the
previous studies estimated HALE at the national or regional
levels, few have accessed HALE at the city level in China,
which provides city-specific characteristics.

Added value of this study

We used the population information of Chongqing in 2017
and the electronic medical records (EMRs) to estimate the
Life Expectancy (LE), expected years lost due to disability
(DLE), and HALE. We supplemented the mortality rate with
the statistics from Chongqing Center for Disease Control and
Prevention (CDC Chongging). To deal with the difficulties of
health information collection for disease prevalence estima-
tion, we developed a novel method of disease concept ex-
traction and normalisation using techniques of natural lan-
guage processing (NLP). The method relies on the multi-
centered (958 hospitals) EMRs, covering 955300 patients be-
tween 2013 and 2017. We used a recurrent neural network
(RNN) to identify the disease surface forms from free text
diagnostics. Distributed word representation models were
trained using 13+99 million medical narratives and combined
with a rule-based matching approach, standardising the de-
tected surface forms to the disease names defined by GBD
2004. The LE and HALE obtained using the proposed method
were consistent with the estimations released by official au-
thorities and previous studies, indicating its effectiveness to
serve as an alternative HALE estimation approach. In terms of
DLE, we found four major contributors to health loss, namely
cancer, injuries, cerebrovascular disease, and chronic obstruc-
tive pulmonary disease. In addition, a gender-wise analysis
showed that given a particular disease type, the health loss
of males and females varied. Our findings therefore provided
a targeted interpretation to the population’s health status
and could help the local government with the formulation of
health policies.

Implications of all the available evidence

HALE has been included as one of the most important
indicators by China in the recently published outline of the
plan - ‘Healthy China 2030’ and ‘Healthy China Action 2019-
2030’. Although China has been dedicated to the improve-
ment of HALE levels, the methodologies of measurement and
data acquisition remain underdeveloped. Moreover, HALE has
rarely been estimated at the city level because of the com-
plexity of harmonising health status valuations across cities
and the lack of resources to conduct large population surveys.
As a result, it is less likely to help local authorities in mak-
ing better decisions. The large volume of unutilised EMRs can
potentially serve as an alternative data source, where the ex-
traction and analysis of rich disease-specific information can
be automated with artificial intelligence techniques. An Al
method based on EMR data may serve as a new instrument
to provide more reliable and valid measurements. While the
nation-wide surveys are usually performed every five years,
our method allows for the seasonal or yearly estimations of
HALE, thus providing considerably more flexibility. In addi-
tion, the diseases listed as the top disability contributors in
this study should be considered to be priorities while for-
mulating health policies, such as elderly health management,
chronic disease management, and medical resource allocation

in Chongqing. Gender-specific health policies should be for-
mulated on the basis of the differences in the contributors
and consequences of health loss.

1. Introduction

Population health evaluation has drawn increasing attention
with the increase in life expectancy, as merely an increase in
the number of years that one could survive does not necessarily
mean an extension of a quality life experience. Healthy life ex-
pectancy comprehensively reflects the human life quality by tak-
ing the healthy component of life into consideration. World Health
Report 2000 explicitly used health-adjusted life expectancy (HALE)
as a performance indicator for quantifying the population health
status [1]. Moreover, the European Union has been reporting the
monitoring value of annual HALE since 2004. Countries including
the United Kingdom, France, Sweden, the United States of America,
and Japan have incorporated HALE improvement into their policy
objectives [2]. In addition, China published ‘Healthy China 2030’
and ‘Healthy China Action 2019-2030’ in 2016 and 2019, both in-
cluding HALE as one of the most important policy indicators of the
population health condition.

HALE is calculated by subtracting the years of life lost due to
disability from the estimated value of life expectancy. The most
commonly used methods are based on specialised health surveys.
The indicators of these methods included activity restriction by
Sullivan, disability statistics by the Washington team, GALI index
proposed by the REVES research team, Index of Independence in
Activities of Daily Living by Katz et al., and Index of Independence
in Instrumental Activities of Daily Living by Lawton et al [3-7]. In
the specialised health survey questionnaires, the designed ques-
tions were adapted to the relevant health concepts. Thus, the pop-
ulation health status could be measured from the sampled surveys
[8,9].

However, studies relying on the use of questionnaires are time-
consuming and labor-intensive [10]. The quality of collected data
varies considerably depending on the design of the sampling
method, the representativeness of the sample, the organisation and
implementation of the survey, and other factors that might af-
fect the data collection process. Considerable resources and per-
sonnel are required to obtain robust and comparable health sta-
tus data during the surveys, so as to overcome the high turnover
of people, harmonise self-reported information from different par-
ticipants, and ensure the progress in a standardised manner [10].
Without a big investment, the health status data cannot be contin-
uously collected and could be out-of-date after the survey years.
The lack of resources and personnel could result in poor data qual-
ity in some countries or regions [10]. Despite the fact that the
method to calculate the years of life lost relies on the statistical
data of diseases released by governments and can better link var-
ious diseases to HALE, the issues with respect to timeliness, com-
plexity, specificity, and comparability among different regions still
exist.

Issues related to the objectiveness, representativeness, and
timeliness of data lead to uncertainty in the estimation of the
prevalence and the health states at the population level, and have
limited the application of HALE indicators [11]. Data sources with
higher quality and more accurate years of life lost calculation with
reduced time and effort are in urgent required to tackle these is-
sues [12-14].

In this study, we developed an innovative and less cohort
survey- dependent approach that calculates the years of life lost
and HALE by combining electronic medical records (EMRs) with
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artificial intelligence and natural language processing (NLP) tech-
niques. EMRs are digitised multi-dimensional sequential data gen-
erated from individual medical activities. The continuous health
status of the population can be obtained from such a de-facto data
source at a fraction of the cost of prospective cohort studies [15].
Data collected by surveys at a single time point make it difficult
to reflect the changes in the population health status unless more
surveys are done at different time points, which is expensive and
time-consuming. The health information recorded in EMRs cov-
ers multi-sourced patient data collected from clinical examinations
and diagnoses, instead of self-reports, through different points of
time. In spite of the heterogeneity in EMR systems between coun-
tries and regions, disease-specific metrics are necessarily collected
at each clinic visit for each patient. This makes the EMR-based
HALE calculation method adaptable to different regions. Moreover,
the greater frequency of clinic visits in EMRs ensures the timeli-
ness in the acquisition of the health status data, making periodic
computation of HALE practical. Thus, EMR data may provide an al-
ternative data source of population health status for HALE calcula-
tion in a time-saving and effort-saving manner.

Despite all the abovementioned advantages, the unstructured
data in EMRs have been impairing their application for automated
data computation and analysis tasks. The recent development of
NLP techniques allows machines to read and process clinical nar-
ratives in EMR data. In particular, named entity recognition (NER),
a sub-field of NLP, has made medical concept identification and ex-
traction from free text possible, and therefore, it has been preva-
lently used in biomedical language processing [16-20]. Meanwshile,
word embeddings capture useful semantic properties and relation-
ships between words, which can be applied for measuring the se-
mantic relatedness between medical terms in downstream tasks
such as medical concept normalisation in EMR [21-22].

In this study, we used data from Chongging, one of the largest
and most populated cities in western China, to show the feasibility
of HALE estimation with EMR and the NLP technique. The LE, and
HALE, values of the entire population and the gender-wise popu-
lation in Chongging in 2017 were calculated, and the contributions
of disease and injuries to the expected years ‘lost’ due to disabil-
ity (DLE) were analysed with the proposed method. As only the
disease relevant metrics of EMRs were considered for the preva-
lence estimation, and NLP was adopted as a universally applica-
ble analytic workflow to handle disease concepts extraction and
normalisation from multi-centered and heterogeneous EMR data
in Chongging, our method therefore has great potential to be re-
applied to different regions. The results of this study demonstrated
that the proposed method holds promise for tackling health in-
equality issues and for developing health reform policies, and thus,
benefiting the population’s health.

2. Methods
2.1. Overview

A consistent and comparative description of the burden of dis-
eases and injuries, and the risk factors that cause them, is an im-
portant input to health decision-making and planning processes.
Information that is available on mortality and health in popu-
lations in some regions of the world is fragmentary and some-
times inconsistent. Thus, a framework for integrating, validating,
analysing, and disseminating such information is needed to assess
the comparative importance of diseases and injuries in causing
premature death, loss of health, and disability in different popu-
lations. The first Global Burden of Disease Study (GBD) quantified
the health effects of more than 100 diseases and injuries for eight
regions of the world in 1990 [23-25]. It generated comprehensive
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and internally consistent estimates of mortality and morbidity by
age, sex, and region [26].

The workflow of the proposed NLP-based HALE estimation
method is shown in Fig. 1. Disease-relevant information was ex-
tracted by NLP algorithms from unstructured EMR data and nor-
malised to be aligned with the diseases covered by the 2004 GBD
disease system. We calculated the prevalence rate of different dis-
eases in different age groups in Chongqing on the basis of the
resulting diseases in alignment with GBD 2004. The years of life
lost in the health parameter was then estimated from the calcu-
lated prevalence rate and life expectancy with Sullivan’s life table
method.

2.2. Data

The required data for the HALE calculations in this study were
obtained from the Chongqing family population information sys-
tem (FIS) and EMR systems operated by Chongging Municipal
Health Commission. The personal information of patients was de-
identified, and the use of data was approved by the Chongqing Mu-
nicipal Health Commission.

2.2.1. Population data

The population information of Chongqing (covering 40 districts
and counties, including Liangjiang New Area and Wansheng Eco-
nomic Development Zone) was fetched from FIS. The total popu-
lation was 41-7181 million, including permanent residents, house-
hold registered population, and death toll. We estimated the age
structure of the living population in 2017 by using the birth, mor-
tality, and migration temporal information from FIS. Further ad-
justments were made on the basis of the Chongqing official statis-
tical yearbook. We estimated that Chongqing had an average living
population of 306153 million in 2017 and that the median age of
the population was 39 years (interquartile range, IQR: 20-54 years)
with a male-female ratio of 105-95 (female = 100).

We supplemented the mortality rate in 2017 with the death
certificate statistics provided by CDC Chongqing and applied Chi-
ang’s method to calculate the probability of death at all ages [27].
The fraction of the year at death turned out to be 025 (ag = O
25). We used the human mortality database (HMD) with the log-
quadratic model and model life table method to adjust the mortal-
ity rate of 0-year-old infants and 0-to-4-year-old children, respec-
tively [27-29]. Furthermore, we applied Kannisto’s model to adjust
the mortality rate of the population aged 80 years and above [30].

2.2.2. Health data

EMR data, instead of the collected data from health surveys or
the released statistical data, were introduced to obtain the required
health-status data for the HALE calculations in this study. EMRs
are digitised multidimensional sequential data that was generated
from individual medical activities, including symptoms, diagnoses,
and interventions. An ICD-10 disease code was assigned during the
information recording procedure upon a patient visit. In addition,
abundant disease information was embedded inside the descrip-
tor of the disease name as well as the diagnostic notes, which
were written in free text, containing diverse writing styles and for-
mats. Compared with structured data on disease diagnosis in EMR,
free text notes were able to provide more information on patient’s
medical history and chronic diseases.

This study leveraged both structured data fields such as disease
names and diagnostic codes (ICD-10), and unstructured diagnostic
notes for the disease prevalence rate estimation. The use of both
the structured and the unstructured EMR data mentioned above
was beneficial for acquiring a more complete picture of the cur-
rent and the historical health status of a patient [31]. The EMR data
covered 1399 million medical records collected from 957 health
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Fig. 1. Workflow of NLP-based HALE estimation. Left: Age-wise death rate calculation with FIS data (micro data), official statistical data (macro data), and HMD database
(macro). Right: Age-wise disease prevalence estimation with EMR (micro) and GBD disability weights (macro).

institutions (including 77 hospitals, 142 community health centres,
682 health centres, 25 clinics, 20 maternal and child care service
centres, and 11 other health-related agencies) in Chongqing. After
data cleaning and quality control including de-duplication and ab-
normality detection, we obtained the disease information covering
955,300 individuals in Chongqing. This is an immense sampling of
the population compared to the data scale in regular surveys.

We calculated the fractions of different types of diseases
grouped by 22 ICD-10 annotated categories in our data (Table 1).
We compared Ratio, the number of ICD codes of each disease
category in the total number of ICD codes in all records of
all patient visits, with Ratio for reference from 2016 Chongqing
Health and Family Planning Statistical Yearbook, using the statis-
tics in Table 1. The results of Spearman rank correlation test
indicated that the general health status from our EMR-derived
data was statistically correlated with the health status of the
population in Chongqing (0=0+850, p=2+13E-6). The subsequent
HALE calculations depended on the prevalence rate of the 22
ICD-10 chapters and FIS data, and thus the predicted values
are expected to correspond to the HALE of the population in
Chongqing.

In particular, the calculation of the health loss caused by vari-
ous diseases and conditions could be split into two steps. (1) We
calculated the prevalence rate of various diseases per year on the
basis of the EMRs. (2) We combined multiple indicators such as
population prevalence rate, WHO disability weights, and life ex-
pectancy measured, to calculate the years of life lost due to var-
ious diseases and conditions by using the life tables. For a given
age group, the total number of years of life lost in health was the
sum of health loss caused by all the diseases or conditions.

The WHO disability weights provided by a GBD study in 2004
covered 254 types of diseases and conditions, including 199 types
of diseases and conditions (except cancers and injuries), 18 types
of malignant neoplasms and their long-term sequelae, and 37
types of injuries [33]. In our study, disability referred to any short-
term or long-term health loss other than death described in the
WHO disability weight coefficient.

2.2.3. NLP-based model construction and disease information
retrieval

As shown in Fig. 1, we established a three-step NLP workflow
to extract the diagnostic entities (free text mentions regarding dis-
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Statistics of disease prevalence grouped by 22 chapters in ICD-10 derived from EMR data.

ICD-10 Chapter Coding Range Occurrence Ratio Ratio for reference[32]

Certain infectious and parasitic diseases A00-B99 130,350 2-86% 3+07%

Neoplasms C00-D48 490,782 10-77% 4+70%

Diseases of the blood and blood-forming organs and certain D50-D89 84,808 1-86% 0-65%

disorders involving the immune mechanism

Endocrine, nutritional and metabolic diseases E00-E90 332,391 7+29% 233%

Mental and behavioural disorders FO0-F99 26,920 0-59% 1-40%

Diseases of the nervous system G00-G99 107,051 235% 2:95%

Diseases of the eye and adnexa HO00-H59 65,122 1-43% 2+59%

Diseases of the ear and mastoid process H60-H95 22,999 0-50% 0-85%

Diseases of the circulatory system 100-199 657,067 14+42% 14-08%

Diseases of the respiratory system J00-J99 643,580 14-12% 19-38%

Diseases of the digestive system K00-K93 472,767 10-37% 10-52%

Diseases of the skin and subcutaneous tissue L00-L99 69,728 1+53% 0-93%

Diseases of the musculoskeletal system and connective tissue MO00-M99 256,890 5-64% 635%

Diseases of the genitourinary system NO0-N99 422,711 9-28% 7+15%

Pregnancy, childbirth and the puerperium 000-099 173,790 3-81% 8:33%

Certain conditions originating in the perinatal period P00-P96 33,652 0-74% 1-74%

Congenital malformations, deformations and chromosomal Q00-Q99 10,104 0-22% 0+45%

abnormalities

Symptoms, signs and abnormal clinical and laboratory findings, not R0O0-R99 163,842 3+59% 1-50%

elsewhere classified

Injury, poisoning and certain other consequences of external causes S00-T98 201,847 4+43% 6-84%

Codes for special purposes U00-U85 4 0-00% 4+19%(diseases for other
medical services)

External causes of morbidity and mortality V01-Y98 6077 0-13%

Factors influencing health status and contact with health services Z00-Z99 185,020 4+06%

Occurrence: total number of the EMR entries in which the diagnosis of one disease in the corresponding ICD-10 chapter was made. Ratio represents the number of ICD
codes of each disease category in total number of ICD codes in all records of all patient visits. Ratio for reference: the disease prevalence data from the statistical yearbook

of Chongqing.

eases) from EMRs and match all the entities to the disease en-
tries defined in GBD 2004: (1) Extraction of a patient’s historical
disease mentions from notes to supplement the existing disease
names found in the disease name field. (2) Normalisation of both
extracted mentions and disease names stored in EMRs to stan-
dardised names under ICD-10 taxonomies with word embedding
techniques and retrieval of their corresponding ICD-10 codes. The
retrieved disease codes were then used to supplement the exist-
ing ICD-10 codes in the EMR data. (3) Alignment of all the ICD-10
codes to the GBD 2004 disease system with mapping rules curated
by domain experts. Finally, the disease prevalence in Chongqing
could be derived.

2.2.4. Named entity recognition-based disease information extraction

In our study, the diagnostic concepts in the unstructured EMR
notes, such as disease names and symptoms, were referred to as
entities. Annotating and extracting the target entities from un-
structured text, or NER, formed the basis of the NLP analysis.
In this step, we applied the BiLSTM-CRF model to recognise the
disease-related entities in EMRs with the incorporation of contex-
tual semantics. BiLSTM refers to the family of bi-directional re-
current neural networks with long short-term memory that en-
codes the contextual semantic properties in both the forward and
the backward directions. A conditional random field (CRF) layer on
top of the BIiLSTM model was adopted to optimise the decoding
process of the entity labels. We annotated 3000 randomly sam-
pled diagnostic notes written in Chinese by using the BIO tag-
ging scheme at the character level. The annotated text contained
1626648 ground-truth labels, including 7584 disease/symptom
terms (each diagnostic text included 2-52 labeled terms on aver-
age). We trained a character level Bi-LSTM-CRF model, which was
adapted for Chinese medical text entity recognition, with cross val-
idation and grid search. We split the annotated data into training
and test sets, and performed a five-fold cross validation on the
training set, with four-folds for training and the rest one-fold for
performance validation, where F1-scores were assessed on the de-

velopment set in each fold and were averaged as the performance
indicator. Grid search was applied to find the optimal model hyper-
parameters, given the averaged Fl-score derived from cross vali-
dation. Finally, we retrained the model with the optimised set of
hyper-parameter values and evaluated on the separate test set to
derive the final F1-score.

2.2.5. Word2vec method-based ICD-10 synonym identification

One particular disease might be described with different ex-
pressions such that polysemy occurs frequently in the extracted
disease entities. To normalise these disease expressions, we ap-
plied a word2vec model to encode the disease entities detected in
the NER step into vector representations, and mapped them to the
corresponding ICD10 disease names. We trained an unsupervised
word representation model on 0-955 million diagnostic notes, 1-08
million word entries from a publicly available knowledge base and
69K sentences from medicine books. Similar to previous studies
that utilised ord2vec for synonym extraction relying on semantic
space similarity, we employed word representations for the align-
ment of surface terms detected by NER to standard ICD terms
that were the most semantically relevant. The disease mentions
extracted from EMRs and the standard disease names in ICD-10
were first encoded into lower dimensional embeddings. The terms
in ICD-10 are usually longer than the extracted entities from free
text. Thus, we first applied Chinese word segmentation to the ICD-
10 term, and then transformed segmented words into dense vec-
tors, which were weight-averaged to derive the final embedding of
the ICD-10 term. To improve the quality of result representations,
the principal component (derived by performing PCA on the word
embedding matrix) was subtracted from the word embeddings in
order to eliminate the dominating directions and the mean values
of the vector space, thus making the embeddings stronger [34].
We then measured the cosine similarity between the dense vec-
tors of the extracted entities and the ICD-10 term. To define the
best cut-off threshold in similarity measure, we created ground-
truth data by aligning 6795 of the 7584 terms detected by NER
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(789 unaligned) in the previous step to ICD-10 names. We auto-
mated a testing procedure to evaluate our trained model on these
ground-truth data and adjusted a threshold (0-68) that yielded op-
timum F1-score. The disease name in ICD-10 with the highest sim-
ilarity score above the adjusted threshold of 0-68 was selected as
a normalisation outcome. More detailed explanations of the above
two sections can be found in the Supplementary Information.

2.2.6. Regular expression-based WHO disease weight system (2004)
code matching

Using expert-curated regular expressions rules, we mapped the
ICD-10 codes to the 254 diseases in the GBD 2004 disease system.
Constraints were set on the patients’ gender, age, and disease last-
ing period for different diseases to discard samples containing mis-
matched information. For instance, samples of male patients with
gestational hypertension were discarded. We constructed a cod-
ing table, mapping 11226 ICD-10 disease codes to 254 GBD disease
categories, for instance, mapping pancreatic carcinoma (ICD code:
(C25901) to type Cancer.

2.3. Role of the funding source

The sponsors of this study played no role in the design of the
HALE calculation method, collection, or analysis of data; interpre-
tation of results; or in the writing of this manuscript. The corre-
sponding authors had full access to all the data in the study and
had final responsibility for the decision to submit for publication.

3. Results
3.1. Life expectancy and health-adjusted life expectancy estimation

Using EMR, we estimated the life expectancy (LE) and the
health-adjusted life expectancy (HALE) of the population of
Chongqing in 2017 by age and gender. The results showed that
the entire population’s life expectancy at birth was 77-9 years and
the HALE at birth was 71-7 years. To be more specific, the LE; and
HALE; of the male population in Chongqing were 763 years and
68+9 years, respectively, while the Eq and HALE of the female pop-
ulation were 80-0 years and 74+4 years, respectively (Table 2). The
calculated values with more detailed age groups are included in
Appendix Table Al.

Fig. 2 shows the estimates of HALE, DLE, LE, and HALE/LE
(%), at 10-year age intervals, of the male and female populations
of Chongqging in 2017. DLE represents the healthy years lost due
to disability. In the year 2017, the discrepancy between LE; and
HALE, was 7-4 years for males and 5+6 years for females, which
implied that HALE, decreased by 9+6% and 7%, respectively, com-
pared with the total life expectancy considering the quality of life.
As the population aged, the proportion of the years of life in the
full health state decreased in the total years of life, while the pro-
portion of the years of life with disability increased in the total
years of life. The discrepancy between LE and HALE in a 90-year-
old decreased to 0-9 for males and 0-5 for females, and the HALE
values only accounted for 83<5% and 86-5% of the total life ex-
pectancy at the age of 90, respectively. In conclusion, females had
both a higher average LE and HALE than males in Chongqing. Ad-
ditionally, men spent more years in poor health than women and
had a higher ratio of life years with disability than women in this
city.

3.2. Contributors to DLE
Our NLP-based HALE estimation method relied on the

Chongqing EMR database and WHO'’s disability database, which
helped in the analysis of disease species (groups) that accounted
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Table 2
Age-specific LE and HALE estimation for Chongqing popula-
tion in 2017 with 5-year age interval.

All Male Female

Age
LE HALE LE HALE LE HALE

0 7749 717 76+3  68-9 80:0 744
5 74+7  68+5 73+2 658 767 711
10 698  63-7 682  61-1 717  66-3

95 249 245 3+4 29 245 2.1
100  0-5 0-4 05 0-5 05 0-4

The values at more detailed age groups are included in Ap-
pendix Table AT.

for the healthy years lost due to disability. Table 3 shows that
the top four contributors to DLE in Chongging were cancers, in-
juries, cerebrovascular disease, and chronic obstructive pulmonary
disease, which caused an overall health loss of 2-32, 1-40, 0-52,
and 0+37 years, aggregated across age and sex. These four contribu-
tors accounted for 37-4%, 225%, 8+4%, and 6+0% of DLE. Cerebrovas-
cular diseases included cerebral haemorrhage, encephalic angioma,
stroke, and the corresponding sequelae. Injuries included fractures,
amputations, open injuries, sprains, and burns. The major con-
tributors found in this research were consistent with the leading
causes of life loss reported by Chinese and other global institutions
[11,33]. Note that chronic obstructive pulmonary disease (COPD)
induced severe health loss for the population aged 40 years and
above, indicating that COPD significantly impacted the quality of
life for the middle-aged and senior populations with a relatively
high prevalence rate.

The fifth to tenth top contributors to DLE were lower back pain,
upper respiratory infections, nephrosis, drug use disorders, liver
cirrhosis, and hypertensive heart diseases. Drug use disorders in-
cluded non-alcoholic addictions, psychoactive substance addictions,
and acute intoxication. The specific basin climate and dense pop-
ulation distribution of Chongqing might account for the high rank
of upper respiratory infections, a type of acute infectious diseases.
The detailed ranking of the health loss contributors of Chongqing
population in 2017 can be found in Appendix Table A2.

A gender-wise analysis (Fig. 3) showed that many diseases, such
as cancers, injuries, COPD, liver cirrhosis, tuberculosis, and hepati-
tis B, imposed a far greater negative impact on men’s health than
on women'’s health, while diabetes led to more health loss in fe-
males than in males.

3.3. Survivorship function

Fig. 4 shows the DLE caused by different diseases in the differ-
ent age groups that we analysed using the survivorship function.
Consistent with the results above, the top four health loss contrib-
utors were cancers, injuries, cerebrovascular disease, and chronic
obstructive pulmonary disease.
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Fig. 2. HALE and DLE comparison between male and female populations of Chongqing in 2017. (a): Female HALE and DLE by age groups. (b): Male HALE and DLE by age
groups. Overall heights are the expected ages of death. (c): Changing curve for male and female HALE/LE (%) by age groups. (d): Changing curve for male and female DLE by

age groups.
Table 3
Ranking of health loss contributors of Chongqing population in 2017(Top 10).
All Male Female
Disease -
DLE percentage DLE DLE
Cancers 23197  37:35% 2¢5523 21436
Injuries 1-4003  22-55% 1-9530  1-0941
Cerebrovascular_disease 045248  8+45% 045522  0-5222
Chronic_obstructive_pulmonary_disease =~ 03745  6-03% 0-4700  0-2793
Low_back_pain 0-1932 3+11% 0-2012 02051
Upper_respiratory_infections 0-1725 2:78% 0-1913 0-1721
Nephritis_and_nephrosis 0-1242  2-00% 0-1545  0-1084
Drug_use_disorders_Cases 0-1015  1-63% 0-1179  0-0974
Cirrhosis_of_the_liver 0-0923  1-49% 0-1356  0-0581
Hypertensive_heart_disease_Cases 0-0814  1-31% 0-0785  0-0893

4. Discussion

While the health life expectancy has become an important in-
dicator to measure population health, the collection of health in-
formation remains a major challenge. This study developed an ar-
tificial intelligence and big data method to estimate the city-level
HALE and to analyse the major causes of DLE on the basis of the
EMR data.

The results suggested that the LEy and HALE; of the male pop-
ulation in Chongqing were 76-3 years and 68-9 years, respectively,
while the LEy and HALE, of the female population were 80+0 years
and 74-4 years, respectively. Note that because of the differences
in the method, calibre, and granularity, it was not easy to make a
direct comparison between the estimated values in this research
and the other publicly available estimation values. As a result, we
found a way to represent the estimated results by referring to
China’s total population. WHO estimated that the LE; and HALE,
of China in 2015 were 76-1 years and 685 years, respectively [31].
Zhou et al. estimated that the LE; and HALE; of China’s male
population in 2015 was 73-2 years and 65-8 years, respectively,

and of the female population was 800 years and 708 years, re-
spectively [35]. Chen estimated the HALE, of China’s male peo-
ple and female people was 6590 years and 7032 years, respec-
tively, in 2013 [36]. As can be seen, the LE; and HALE, values ob-
tained from the EMRs in this study were reasonable in terms of
the reference values . The life years lived with disability of the
male population (76+3-68+9 = 7-4 years) in our study was the
same as that in the study by Zhou (732-65+8 = 74 years) [35].
The HALE values of 2017 calculated in our study had a reason-
able growth compared with the values in 2013 in Chen’s study
[36]. The conclusion that females had both an average higher LE
and HALE values than those of males in our study also agreed
with that of the previous studies. The results demonstrated the
feasibility of the use of EMR data for HALE calculations and ver-
ified the effectiveness of the proposed NLP-based HALE estimation
method.

As shown in Fig. 4, the ten leading contributors for DLE in
Chongging identified in this study were cancers, injuries, cere-
brovascular disease, chronic obstructive pulmonary disease (COPD),
lower back pain, upper respiratory infections, nephrosis, drug use
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Fig. 3. TOP 10 health loss contributors of male and female populations of Chongqing, 2017, respectively. Diseases are ranked by total population health loss. Left-most
numbers are the corresponding ranks in the total population. Numbers on the right of the bars are the gender-wise health loss ranks.
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disorders, liver cirrhosis, and hypertensive heart diseases. The first
four contributors accounted for as high as 74-4% of DLE. Among
them cancers have been one of the most serious challenges to
health and need to be paid more attention to [37-39]. Our study
also identified injury as the second leading cause of DLE, which
has also been found by previous studies [40,41]. Among the top
ten contributors found in our study, cerebrovascular disease, and

chronic obstructive pulmonary disease were both common non-
communicable diseases. Chongqing Municipality is in southwest
China with a high poverty incidence and a significant urban-rural
income gap. Many researchers found that non-communicable dis-
eases had a negative total effect in many low- and middle-income
regions, corresponding to the target regions of Chongqing Munici-
pality in this study [42,43].



X. Ruan, Y. Li, X. Jin et al.

This study found that many diseases, such as cancers, injuries,
COPD, liver cirrhosis, tuberculosis, and hepatitis B, took a far
greater toll on men’s health than on women’s health. This ob-
servation might account for the shorter HALE of men. Note that
the health loss caused by liver cirrhosis in males was consider-
ably higher than that in females, which was also found in Zhou's
study. This might be attributed to the differences in alcohol addic-
tion and hepatitis B disease prevalence [36]. Diabetes led to more
health loss in females than in males, which might be attributed to
hormone disorders during pregnancy and menopause. Meanwhile,
previous studies show that diabetic women had higher risks of dy-
ing from vascular diseases than men [44]. These results suggested
that gender-specific health policies need to be formulated depend-
ing on the differences in the factors and consequences of health
loss, so as to reduce health loss and improve health-adjusted life
expectancy and life expectancy more efficiently.

In this study, we first developed an Al-based method to analyse
the disease- relevant information in the EMR data for HALE esti-
mations in Chongqing. Using the massive repository of data points
in EMRs enabled a larger sampling ratio of the real-world popula-
tion than regular surveys. The EMR data used in our study included
955,300 individuals in Chongqing, covering 3% of the whole popu-
lation, while the sample sizes of most of the other survey studies
for HALE estimations account for less than 0.05% of the total pop-
ulation under study [45-47]. Leveraging the health-status statis-
tics derived from the EMR data might be more representative of
the real world than cohort studies and is commonly seen in other
health-related applications, such as risk prediction [15]. In addi-
tion, the patients data observed with greater frequency in EMRs
ensures the timeliness of the derived health information.

Moreover, the proposed method for the disease-relevant con-
cept standardisation and HALE calculation with EMR data is trans-
ferable. Although the structure and format of EMRs across different
countries and regions varies, metrics such as disease names, symp-
toms, diagnostic codes, and free text notes for prevalence estima-
tion are necessarily collected at each clinic visit, which are pro-
cessed by NLP programs. The method proposed in this study could
be generalised to the HALE estimation of other cities without the
need to change the entire workflow and framework. Trained NER
and word2vec models under the current settings of institutions can
be transferred to other institutions (in a different city) and fur-
ther fine-tuned to achieve optimum performance. When applied to
EMRs in different languages, the workflow is still applicable, how-
ever, with the NER model and the word2vec model re-trained with
corpora in the target language. These make the HALE calculations
based on EMR data at the different levels, such as city, province,
and national levels, and the comparison of HALE values among dif-
ferent regions possible.

Despite all of the aforementioned improvements, EMR data
come with many analytic challenges. Medical treatment seeking
activities recorded in EMRs are often related to demographic and
socio-economic factors, thus introducing potential analytical bi-
ases. Moreover, EMR data may not cover records in every institu-
tion and thus could be prone to missing patient information. We
verified the estimated disease prevalence distribution against the
broad heading prevalence data released by the authorities. The re-
sults indicated that the estimated prevalence distribution was sub-
stantially close to the actual prevalence distribution (Table 1), and
hence, the possible deviation poses little impact on our research
findings.

Although medical records have become increasingly available in
the form of EMRs, there is a vast quantity of unstructured clinically
relevant data, which remain underutilised, as text features cannot
straightforwardly be utilised by conventional data analytic process
[48]. In this study, the structured disease names in EMR were pro-
cessed and from which, 4557502 disease names were extracted,
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covering 18967 types of diseases in total. 1094668 complementary
disease names were captured in the clinical narrative data, cover-
ing 8842 types of diseases, among which, 1002 diseases were not
seen in the original structured disease name field. This method is
therefore beneficial to the acquisition of more complete real-world
patient disease information. On this basis, it could contribute in
the future to the full utilisation of EMR data when developing clin-
ical decision support systems, so as to improve health care quality
in general. To the best of our knowledge, this study is among the
first studies that designed a transferable HALE estimation frame-
work with NLP and the EMR data in China. The conclusions from
our study displayed good consistency with previous studies, which
demonstrated the feasibility of a health status evaluation with EMR
data and the effectiveness of the proposed method for relevant
medical concept standardisation and HALE calculation [35].

5. Research and policy implications

HALE has only been calculated at the national or city’s regional
level in almost all the studies on HALE. City-level HALE estimation
poses challenges in harmonising outcomes collected from multi-
ple regions, particularly for large cities like Chongqing. In contrast,
nationwide and province-wide surveys conducted on the basis of
years have a considerable demand for time and resources and the
Chinese government does not provide city-level population health
results or analysis. Therefore, the estimates can help the local gov-
ernment or officials to make better decisions for improving the cit-
izens’ health status, particularly in China where the population and
health-status of different cities vary considerably [49]. The pro-
posed Al-based method for HALE estimations with EMR data in
this study provides a potentially useful and flexible tool for HALE
calculation and health-status analysis at the city level.

The use of EMR data in our study enabled analysis of the con-
tributions of different diseases to the health loss of the popula-
tion. It showed that the top four contributors to DLE were can-
cers, injuries, cerebrovascular disease, and chronic obstructive pul-
monary disease in Chongging. In addition, it is worth noting that
upper respiratory infections were identified as one of the top 10
contributors to the health loss in Chongqing. Moreover, this study
quantified how individual diseases and injuries influenced gender-
wise population health. Liver cirrhosis and diabetes were identi-
fied as the gender-specific causes of the health loss for males and
females, respectively, in Chongqing. These results offer a targeted
interpretation of the population health status and help with the
formulation of health policies for the local government. Firstly, the
decrease in the prevalence and incidence of these causes is ex-
pected to reduce the number of years lived with disability if other
conditions remain unchanged. The diseases listed above should
be considered as priorities while formulating health policies in
Chongqing. Secondly, lessons should be learnt from the countries
that suffered from both the positive mortality and the disability
effects of cancer, chronic obstructive pulmonary disease, and cere-
brovascular disease. Furthermore, on the basis of the differences
in the factors and consequences of health loss between the males
and females, the government could formulate the corresponding
health policies for each gender. WHO and other stakeholders have
recommended ‘best buys’ or other measures against these non-
communicable diseases such as diabetes, which could serve as a
basis for formulating policies [46].

6. Limitations of our study

Using the GBD system, we inherited its limitations in our re-
search. Firstly, the universal weight system GBD can introduce de-
viations from the local situation where the indicators are mea-
sured. Taking the fatty liver in Chongqing as an instance, we found
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that fatty liver, one of the listed diseases in ICD-10, has not been
included in the measurement system of GBD. In cases wherein the
fatty liver disease is associated with the estimated value of HALE
in Chonggqing, it would be a missing variable. Due to the complex-
ity and difficulty of estimating the disability weights as mentioned
in the WHO report and the reported strong evidence of highly con-
sistent results across the samples from different cultural environ-
ment, in this paper the adjustment for disease categorization and
weight coefficient was not conducted on the basis of the actual
prevalence situation in Chongqing [50,51]. Secondly, the possibility
of inter-correlation between diseases has not been eliminated, such
as the correlation between myocarditis and ischemic heart disease.
With reference to the GBD weight of disease system by WHO and
Sullivan’s method, a possible bias resulting from multicollinearity
was not further adjusted.

There also exist concerns regarding the quality and repre-
sentability of EMRs. In the future studies, the patient informa-
tion could be adjusted by combining the appropriate health sur-
vey data with the multi-dimensional data extracted from the EMR
database to reduce the influence of the population distribution
bias. In terms of the hypothesis test we used when comparing
the observed and expected ratios, we should apply more detailed
ICD10 categories for verification if more information can be ac-
cessed from the government-released yearbook in the future.

As the disease information was extracted using the NLP method
from EMRs, there might be random errors from the algorithms.
However, we tried to minimise these errors through multiple ex-
periments and parameter adjustments (NER F1 = 0-884, synonym
recognition F1 = 0-871). In the subsequent applications, the accu-
racy of disease extraction could be improved by combining the NLP
method with manual reviews by medical experts.

Lastly, we did not implement negation detection in patient dis-
ease recognition, such that examples such as ‘denied hypertension’
should not be considered in the ICD mapping. We omitted the an-
notation of disease mentions that appeared within a negation con-
text in the diagnostic text, in order to reduce the falsely predicted
entities by the model. In the future studies, we may attempt to
include a negation detection module in our NLP workflow to im-
prove accuracy. Other than NER-based disease concepts recognition
method, a promising alternative that relies on document and pa-
tient level phenotyping might be considered in the future studies.
Both codified data and concepts extracted by NLP could be lever-
aged as features to build prediction models, thus mitigating po-
tential errors introduced by local features such as negation at the
sentence level [52].
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Table A1
LE and HALE Estimation Result for Chongqing Population in Year 2017.

All Male Female
Age

LE HALE LE HALE LE HALE
0 779 717 76+3 689 80-0 74+4
1 78<2 720 7646 693 80-2 746
2 77+4 712 758 685 794 73-8
3 7646 70-3 75-0 676 785 729
4 757 69-4 741 668 776 720
5 747 68+5 732 658 767 7141
6 737 67+6 722 649 757 70-2
7 727 66+6 712 639 747 69-2
8 718 6546 70-2 6340 737 68+2
9 708 64+7 69-2 620 727 673
10 69-8 63+7 68-2 61-1 717 663
11 68+8 628 673 60-1 707 654
12 678 61-8 663 59-2 69+7 644
13 668 60-9 653 58-2 688 634
14 659 599 643 573 678 625
15 64-9 59-0 633 56+4 66-8 61-5
16 639 58-1 62+4 55+4 658 606
17 62-9 57-1 61-4 545 64-8 596
18 619 56-2 60-4 536 63-8 587
19 609 552 594 527 628 577
20 60-0 543 585 517 61-8 568
21 590 534 575 50-8 609 558
22 580 524 565 499 599 54-8
23 57-0 515 555 49-0 589 539
24 56+0 505 545 48-1 579 529
25 55-0 496 53+6 472 56-9 51-9
26 54-1 48-6 52+6 46-3 559 510
27 53-1 477 51+6 453 549 500
28 52-1 467 50+6 44-4 540 49-0
29 51-1 458 49-7 435 530 48-1
30 50-2 44-8 48-7 42-6 520 47-1
31 49-2 4349 47-8 41-7 510 46-2
32 48:2 4249 46-8 40-8 500 45-2
33 47-2 42-0 45-8 399 49-0 44-3
34 46-3 41-1 44-9 39:0 48-1 433
35 453 40-2 43-9 382 471 42+4
36 44-4 39:3 43+0 373 46-1 41-4
37 43+4 383 42-0 36-4 45-1 40-5
38 42+4 37-4 41-1 355 442 396
39 415 365 40-1 346 432 386
40 40-5 357 39-2 338 422 377
41 39-6 34-8 383 3249 41-3 368
42 387 3349 37+4 32-1 40-3 359
43 37-7 33-0 36-4 312 39-4 350
44 36-8 322 355 30-4 38-4 34-1
45 359 313 346 296 375 333
46 35-0 305 337 28-8 365 3244
47 34-1 29-6 328 280 356 315
48 33.1 28-8 320 27-2 346 307
49 323 28-0 31-1 264 337 298
50 313 27-2 30-2 256 328 290
51 305 264 29:4 24-8 3149 28-1
52 29:6 256 285 241 309 273
53 287 24-8 277 23+4 30-0 26¢5
54 2749 24-1 269 227 29-1 257
55 27-0 233 26-1 219 282 248
56 26-1 225 25-2 212 273 240
57 25-2 217 24-4 205 264 232
58 244 21-0 2346 19-8 2545 2244
59 236 203 2249 19-2 246 216
60 22-8 19-6 22-1 18+6 237 20-8
61 22-0 18-9 21-4 17-9 228 200
62 212 18-2 2046 17-3 2149 19:3
63 203 17-5 19-8 16-7 210 18+5
64 19-5 16-8 19-1 16-0 20-1 177
65 18-7 16-1 183 15+4 19:3 16-9
66 18-0 15-4 17-6 14-8 184 16-2
67 17-2 14-8 16-9 14-2 17-6 15+5
68 16+5 14-1 16-2 13+6 16-8 14-8
69 15-7 13+5 15-5 13-0 16-0 14-0
70 15-0 12-9 14-9 12-5 15-2 13-3
71 14-3 122 14-2 11-9 14-4 12+6

(continued on next page)
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Table A1 (continued)

Age All Male Female
LE HALE LE HALE LE HALE
72 13+6 116 1346 114 13+6 11-9
73 12-9 11-0 13-0 10-9 12-9 11-3
74 12:2 10-5 12-4 10-3 122 10-6
75 11-6 99 11-8 9.8 11-4 10-0
76 10-9 93 112 9.4 10-8 94
77 10-3 88 10-7 89 10-1 8-8
78 9.7 83 10-1 84 94 82
79 9-2 78 96 80 8-8 7+6
80 846 73 9-1 76 82 7-1
81 8.1 69 87 72 76 66
82 7-6 645 83 69 7-1 6-1
83 72 61 78 65 66 57
84 67 57 75 62 6.1 53
85 63 54 7-1 5.9 57 4.9
86 5.9 50 67 56 53 46
87 56 4.7 63 53 4.9 442
88 52 444 6-0 5.0 445 349
89 4.8 4.1 56 47 4+2 346
90 4.5 3.8 53 44 349 33
91 4.2 346 4.9 4.1 36 3.1
92 3.9 3.3 46 38 33 28
93 346 340 42 3.5 340 2+6
94 3.3 248 3.8 3.2 28 244
95 29 2+5 344 29 2+5 2.1
96 246 242 3.0 245 22 19
97 242 149 245 2.1 19 17
98 1-8 1-5 2-0 16 1-6 13
99 12 1-1 13 11 11 1-0
100 0+5 0-4 0+5 0+5 0-5 04
Table A2
Measurement of Health Loss Contributors in year 2017 Chonggqing Population.
All Male Female
Disease -
DLE percentage DLE DLE
Cancers 23197  37:35% 25523  2-1436
Injuries 1-4003  22-55% 1:9530  1-0941
Cerebrovascular_disease 0-5248  845% 05522  0-5222
Chronic_obstructive_pulmonary_disease =~ 03745  6-03% 0-4700  0-2793
Low_back_pain 0-1932 3+11% 0-2012 0-2051
Upper_respiratory_infections 0-1725 2:78% 041913 041721
Nephritis_and_nephrosis 0-1242  2-00% 0-1545 0-1084
Drug_use_disorders_Cases 0-1015 1-63% 0-1179 0-0974
Cirrhosis_of_the_liver 040923 1-49% 0-1356  0-0581
Hypertensive_heart_disease_Cases 0-0814  1-31% 0-0785  0-0893
Diabetes_mellitus 0-0813 1-31% 0-0780  0-0909
Cardiomyopathy 0-0615 0-99% 0-0694  0-0566
Schizophrenia_Cases 0-0566  0-91% 0-0771 0-0488
Tuberculosis_Cases 0-0532  0-86% 0-0821 0-0350
Cataracts_Low_vision 0-0525  0-84% 0-0441 0-0639
Appendicitis_Episodes 0-0480  0+77% 0-0575 0-0447
Ischemic_heart_disease 0-0438  0-71% 0-0467  0-0434
Rheumatic_heart_disease_Cases 0-0412  0-66% 0-0279  0-0572
Iron_deficiency_anemia 0-0337 0-54% 0-0302 0-0371
Parkinson_disease_Cases 040292 0-47% 0-0297 0-0293
Alzheimer_and_other_dementias 0-0254  0-41% 0-0260  0-0265
Skin_diseases_Cases 040233  0-38% 0-0303 0-0191
Meningococcaemia 040217  0-35% 0-0262  0-0203
Asthma_cases 0-0185 0-30% 0-0183 0-0196
Epilepsy_Cases 0:0176  028% 0-0223 0-0152
Insomnia_primary_Cases 00169  027% 0-0154  0-0191
Hepatitis_B_Episodes 0-0152 0-24% 040237 0-0100
Lower_respiratory_infections 00124  0-20% 0-0156 0-0096
Glaucoma_Low_vision 040121 0-20% 0-0123 0-0135
Panic_disorder_Cases 0-0117 0-19% 0-0090 0-0150
Birth_asphyxia 0-0114  0-18% 0-0063  0-0147
Rheumatoid_arthritis_Cases 0-0113  0-18% 0-0076  0-0154
Unipolar_depressive_disorders 0-0105  017% 0-0089  0-0126
Multiple_sclerosis_Cases 0-0105  0-17% 0-0118  0-0099

(continued on next page)
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Table A2 (continued)
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Disease All Male Female
DLE percentage  DLE DLE

Diphtheria 0-0097 0-16% 0-0107 0-0096
Osteoarthritis 0-0094 0-15% 0-0085 0-0114
Refractive_errors_Low_vision 0-0086 0-14% 0-0069 0-0101
Congenital_heart_anomalies_Cases 0-0071 0-11% 0-0067 0-0088
Gout_Cases 0-0070 0-11% 0-0131 0-0028
Meningitis 0-0065 0-10% 0-0093 0-0039
Inflammatory_heart_disease 0-0064 0-10% 0-0070 0-0064
Benign_prostatic_hypertrophy_Symptomatic ~ 0-0057 0-09% 0-0112 0-0000
HIV_AIDS 0-0042 0-07% 0-0072 0-0024
Anorectal_atresia_Cases 0-0042 0-07% 0-0075 0-0011
Dengue 0-0038 0-06% 0-0042 0-0033
Migraine_Cases 0-0033 0-05% 0-0031 0-0037
Renal_agenesis_Cases 0-0032 0-05% 0-0032 0-0034
Gonorrhoea 040032 0-05% 0-0022 0-0044
Macular_degeneration_Low_vision 0-0030 0-05% 0-0030 0-0033
Malaria 0-0028 0-04% 0-0025 0-0030
Dental_caries_Episodes 040023 0-04% 0-0029 0-0020
Peptic_ulcer_disease 0-0022 0-04% 0-0027 0-0019
Low_birth_weight 0-0017 0-03% 0-0019 0-0020
Otitis_media_Chronic_infection 0-0016 0-03% 0-0016 0-0016
Bipolar_affective_disorder 0-0015 0-02% 0-0014 0-0013
Hearing_loss_adult_onset_Mild 0-0014 0-02% 0-0016 0-0013
Tetanus_Episodes 0-0010 0-02% 0-0007 0-0014
Anencephaly_Cases 9-19E-04 0-01% 1-07E-03 7-12E-04
Pertussis 7-36E-04 0-01% 4-85E-04 1-11E-03
Hepatitis_C_Episodes 6-48E-04 0-01% 1-03E-03 3-84E-04
Alcohol_use_disorders 5-40E-04 0-01% 1-16E-03 1-29E-05
Syphilis 5-16E-04 0-01% 3-61E-04 7-10E-04
Periodontal_disease_Cases 4-96E-04 0-01% 5-30E-04 5-06E-04
Trachoma 3.77E-04 0-01% 2-77E-04 5-18E-04
Spina_bifida_Cases 3-01E-04 0-00% 3+73E-04 2-86E-04
Chlamydia 2-90E-04 0-00% 3-63E-04 2-92E-04
Maternal_haemorrhage 2+71E-04 0-00% 0-00E+00  3-92E-04
Trypanosomiasis 2+34E-04 0-00% 442E-04 4+12E-05
Measles_Episodes 229E-04 0-00% 3+33E-04 1-45E-04
Protein_energy_malnutrition 2+08E-04 0-00% 2-00E-04 2+25E-04
Cleft_palate_Cases 1-80E-04 0-00% 2:39E-04 1+43E-04
Cleft_lip_Cases 1-38E-04 0-00% 220E-04 9-96E-05
Oesophageal_atresia_Cases 1-22E-04 0-00% 2-30E-04 0-00E+00
Lymphatic_filariasis 9-53E-05 0-00% 5+49E-05 1-32E-04
Obsessive_compulsive_disorder_Cases 7-82E-05 0-00% 1-81E-04 3+30E-05
Down_syndrome_Cases 7-59E-05 0-00% 0-00E+00  1-75E-04
Japanese_Encephalitis 7+53E-05 0-00% 0-00E+00 1-22E-04
Obstructed_labour 6-07E-05 0-00% 0-00E+00  9-16E-05
Post_traumatic_stress_disorder_Cases 4+74E-05 0-00% 0-00E+00  1-02E-04
Ascariasis 4-33E-05 0-00% 4+23E-05 5-31E-05
Vitamin_A 3-38E-05 0-00% 3+65E-05 325E-05
Schistosomiasis 2+50E-05 0-00% 4-71E-05 654E-07
Leishmaniasis 1-95E-05 0-00% 6-94E-05 0-00E-+00
Abortion 5-19E-06 0-00% 0-00E+00  7-21E-06
Hookworm_disease 6°54E-07 0-00% 1-32E-06 0+00E+00
Trichuriasis 5¢23E-07 0-00% 5-07E-07 6-13E-07
Abdominal_wall_defect_Cases 0-00E+00  0-00% 0-00E+00  0-00E+00
Hypertensive_disorders_of_pregnancy 0-00E+00  0-00% 0+00E+00  0<00E+00
lodine_deficiency 0-00E+00  0-00% 0-00E+00  0-00E+00
Leprosy 0-00E+00  0-00% 0-00E+00  0-00E+00
Maternal_sepsis 0-00E+00  0-00% 0-00E+00  0-00E+00
Mild_mental_retardation 0-00E+00  0-00% 0-00E+00  0-00E+00
Onchocerciasis 0-00E+00  0-00% 0-00E+00  0-00E+00
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