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Abstract
Background This study aims to analyse the epidemiological features of tuberculosis in Nanjing and to identify possible risk factors associated with the
spatial-temporal distribution.

Methods Firstly, we used descriptive statistical method to study the epidemiologic features of confirmed PTB cases in 2017. Secondly, we explored Maxent
method to construct the species distribution model with a high spatial resolution of 1km based on those confirmed cases and environmental features. Once
again, we validated the performance of the species distribution model using ROC approach and spatial jackknife test, identified the key environmental factors
associated with PTB occurrence. Finally, we created a prediction map under specific environmental factors by projecting the training model onto the research
areas.

Results The seasonal amount of PTB was not obvious. The key risk factors associated with PTB occurrence are monthly mean vapor pressure, solar radiation,
monthly average temperature, and precipitation with suitable ranges. The economically developed central city is the high-burden area of tuberculosis with a
high risk probability, and the economically backward Gaochun district is the high transmission area of tuberculosis with a high incidence. Epidemiologically,
the farmers, the elderly, the floating population, and males are the focus groups for PTB prevention and control.

Conclusion The combination of environmental factors with Maxent methods is an appropriate option to analyse and estimate the spatial and temporal
distribution of PTB cases.

Background
Pulmonary tuberculosis (PTB) is a chronic infectious disease caused by Mycobacterium tuberculosis, and remains one of the major causes of death among
infectious diseases. China is one of the countries with a high burden of PTB in the world [1]. At present, China's PTB prevention and control effect is
significant. The overall incidence is on the decline, but the annual number of reported cases is still large, especially in remote and poor areas [2].

Since the 1990s, spatial analysis technology has been widely used in disease mapping, spatial and temporal surveillance of infectious diseases,
environmental health, distribution and optimization of medical service resources [3, 4]. Among those spatial geographic analysis models, ecological niche
models (ENM) can be used to explore the non-random relationship between disease and environmental factors, to study the spread rule of infectious diseases
based on the case information of known vectors, hosts, pathogens, populations and relevant environmental data [5]. Those methods have been utilized by
researchers as a useful tool to characterize the potential ecological distribution of species, to understand the effects of climate change, and to predict the
high-risk areas of disease occurrence [6]. ENMs can be divided into “presence-absence” model and “presence-only” model according to the type of data used in
model fitting. Many researchers have found that the presence-only approach is superior and preferable as only presence data is available in most cases [7].

As an infectious disease, the incidence of PTB is highly correlated with geographic information in the region and has obvious spatial and regional attributes.
In this paper, we sought to analyze the epidemiologic features and identify the risk factors associated with spatial and temporal distribution for PTB using a
maximum entropy ENM with Maxent version 3.4.1. The Maxent model was trained based on the locations of PTB occurrence and environmental factors that
may affect the spatial distribution of PTB system. The predictive potential high-risk map was created by projecting the training model onto the research region
with specific time. Furthermore, the performance of the model was assessed using the known locations of disease occurrence.

Materials And Methods

Study area
Nanjing, the capital city of Jiangsu province in eastern China between latitude 31°14″–32°37″ and longitude 118°22″–119°14″, was selected as the study area.
It is one of the most important regional centre cities in the Yangtze River Delta economic zone,with a large population, strong mobility, complex natural and
social environment, and unbalanced economic development. All of these factors may become the cause of a large-scale outbreak of PTB.

Data collection and management
In our study, disease occurrence data were collected from the Tuberculosis Management Information System, a subsystem of the China Information System
for Disease Control and Prevention (CISDCP). Baidu and Google mapping services were used to search the residential address of patients and georeference
the recorded cases. Overall, 2143 cases were selected from January 2017 to December 2017 to construct the training Maxent model, and 234 cases in May
2018 were collected to evaluate the prediction performance of the model.

Climatic variables with a resolution of 30 seconds (approximately 1 km), averaged across a temporal range of 1970 to 2000, were obtained from the
WorldClim database (version 2.0) [8]. Elevation data were downloaded from the SRTM 90 m Digital Elevation Database, which were used to calculate the
aspect, slope and composite topographic layers. The monthly maximum normalized difference vegetation index (NDVI) and land cover types were obtained
from Moderate Resolution Imaging Spectroradiometer (MODIS) satellite imagery. All the selected datasets were resampled to the same resolution, the same
geographic extent, and constituted the environmental layers (Table 1).
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Table 1
Environmental layers for model building and permutation importance

Variable Description(unit) Type Data source Permutation importance

prec Precipitation(mm) Continuous http://www.worldclim.org, version 2.0 11.7%

tavg Monthly average temperature(°C) Continuous 20.3%

srad Solar radiation(kJ m− 2 day− 1) Continuous 31.1%

vapr Monthly mean vapor pressure(kPa) Continuous 31.8%

wind Wind speed(m*s− 1) Continuous 0.0%

ndvi Normalized difference vegetation index Continuous https://search.earthdata.nasa.gov/search 0.5%

lc Land cover type Categorical 1.4%

slope Slope Continuous http://srtm.csi.cgiar.org/SELECTION/inputCoord.asp 1.6%

aspect Aspect Continuous 1.6%

Epidemiological features analysis
Epidemiology [9, 10] is a science that studies the distribution and influencing factors of diseases, and then to explore the causes of disease, to formulate
measures for disease preventing, controlling, and eliminating. Descriptive epidemiology [11] is one of the useful methods for epidemiological characteristics
analysis, which is considered as the starting point of epidemiological research and the basis of other epidemiological research methods. This method was
mainly adopted to describe the distribution, occurrence and development of diseases, and to describe the characteristics of some diseases in terms of time,
place and population. In our research, we grouped the reported cases according to age, gender, register, occupation in each administrative division, and
adopted the descriptive epidemiology method to analyze the epidemiological features.

Ecological niche model construction and evaluation
Maxent program was used to construct the training model for PTB in our study. It is a “presence-only” ENM based on maximum entropy algorithm [12], which
is primarily used in spatial epidemiology to model species distributions using a set of environmental layers and a set of known occurrences [13]. Instead of
predicting whether it exists or not, Maxent estimates the relative environmental adaptability of species existence [14].

“Auto features” was selected for Maxent running. The logistic output format with probability values ranging from 0 (unsuitable) to 1 (suitable) was selected
for reflecting species presence. The model prediction was cross-validated by setting the random test and training ratio to 25:75. Default incidence was set to
0.5 as we were unable to get a reliable PTB incidence. In order to obtain a robust model, 10 models were created independently, and relevant outputs were
averaged in our study. Maximum iterations were set to 5000, meanwhile, convergence threshold to 1*10− 6. The evaluation data were combined with a random
selection of 10000 background points. Other parameters were set by default.

A threshold-independent receiver operating characteristic approach (ROC) and area values under the curve (AUC) [15] were used to evaluate the ability of
Maxent algorithm. This approach is typically used to evaluate the model by using a random 50% of occurrences calibration model and comparing the AUC
with null expectations. The AUC quantifies the significance of the ROC. In general, AUC [16] values of 0.5 indicated that the model accuracy was no better than
random, values of 1.0 indicated a perfect fitting, values above 0.70 were considered potentially useful. The spatial jackknife test was used to determine the
percentage contribution of each environmental factors. This script can select the best model by evaluating the model’s omission rate, AUC, and model feature
class complexity.

Model projection
A potential distribution map was created by projecting the training model onto the research regions with specific environmental factors. Meanwhile, the
performance of the model was evaluated using the known PTB case data.

Results

Epidemiologic features of confirmed cases
Figure 1 listed the monthly number of PTB cases and average monthly cases in 2017. According to this study, the seasonal amount of PTB was not obvious.
Except for the slight increase in the number of cases in March and September, the number of cases in other months was basically the same.

Table 2 listed the epidemiologic characteristics of PTB cases in Nanjing, China, 2017. The incidence of PTB cases was 25.9 per 100000 persons, of which
71.02% were males and 28.98% were females. According to the regional distribution of PTB cases, the annual incidence in Gulou, Jianye, Qinhuai regions was
relatively low, while the annual incidence in Gaochun, Jiangning, Pukou, Liuhe, Lishui and Qixia regions was higher than the average incidence of Nanjing.
Among them, the annual incidence of Gaochun is the highest, about 54.1 per 100000 persons, which is about 2.1 times the annual average incidence of
Nanjing. Among PTB cases, the proportion of floating population was significantly higher than that of the permanent residents in developed regions. When the
cases were classified by different age groups, the highest number of PTB patients was found in those aged 60 and above, followed by those aged 20 to 29,
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and the lowest number was found in infants and children under 10 years of age. Classified with exact occupation, the highest number of PTB patients was
found in farmers, followed by retirees, and the lowest number in teachers and medical staff.

Table 2
Epidemiologic characteristics of PTB cases in Nanjing, China, 2017.

Features Xuanwu(%) Qinhuai(%) Jianye(%) Gulou(%) Pukou(%) Qixia(%) Yuhuatai(%) Jiangning(%) Liuhe(%) Lishui(%

Casesa                    

number 156(7.28) 199(9.29) 63(2.94) 147(6.86) 242(11.29) 182(8.49) 97(4.53) 405(18.90) 290(13.53) 129(6.02

incidence 2.46*10− 4 1.98*10− 4 1.37*10− 

4
1.18*10− 4 3.14*10− 4 2.63*10− 4 2.22*10− 4 3.33*10− 4 3.07*10− 4 2.98*10−

4

Gender                    

male 98(62.82) 140(70.35) 38(60.32) 112(76.19) 170(70.25) 126(69.23) 71(73.20) 285(70.37) 211(72.76) 98(75.97

female 58(37.18) 59(29.65) 25(39.68) 35(23.81) 72(29.75) 56(30.77) 26(26.80) 120(29.63) 79(27.24) 31(24.03

Register                    

permanent 33(21.15) 51(25.63) 6(9.52) 73(49.66) 32(13.22) 38(20.88) 25(25.77) 247(60.99) 129(44.48) 68(52.71

floating 123(78.85) 148(74.37) 57(90.48) 74(50.34) 210(86.78) 144(79.12) 72(74.23) 158(39.01) 161(55.52) 61(47.29

Age                    

0ཞ9 0(0.00) 0(0.00) 0(0.00) 0(0.00) 0(0.00) 0(0.00) 0(0.00) 0(0.00) 1(0.34) 0(0.00)

10ཞ19 6(3.85) 3(1.51) 1(1.59) 3(2.04) 3(1.24) 11(6.04) 5(5.15) 16(3.95) 11(3.70) 5(3.88)

20ཞ29 40(25.64) 33(16.58) 12(19.05) 25(17.01) 62(25.62) 50(27.47) 26(26.80) 136(33.58) 54(18.62) 17(13.18

30ཞ39 15(9.62) 24(12.06) 10(15.87) 16(10.88) 41(16.94) 19(10.44) 17(17.53) 59(14.57) 25(8.62) 11(8.53)

40ཞ49 19(12.18) 18(9.05) 7(11.11) 20(13.61) 25(10.33) 19(10.44) 8(8.25) 38(9.38) 32(11.03) 15(11.63

50ཞ59 20(12.82) 45(22.61) 11(17.46) 27(18.37) 39(16.12) 31(17.03) 14(14.43) 42(10.37) 54(18.62) 13(10.08

60ཞ69 26(16.67) 36(18.09) 12(19.05) 28(19.05) 36(14.88) 25(13.74) 15(15.46) 55(13.58) 70(24.14) 31(24.03

70ཞ79 17(10.90) 23(11.56) 8(12.70) 19(12.93) 26(10.74) 17(9.34) 7(7.22) 39(9.63) 30(10.34) 32(24.81

80ཞ100 13(8.33) 17(8.54) 2(3.17) 9(6.12) 10(4.13) 10(5.49) 5(5.15) 20(4.94) 13(4.48) 5(3.88)

Occupation                    

worker 21(13.46) 23(11.56) 3(4.76) 18(12.24) 33(13.64) 30(16.48) 15(15.46) 53(13.09) 25(8.62) 17(13.18

retiree 35(22.44) 53(26.63) 20(31.75) 49(33.33) 23(9.50) 27(14.84) 18(18.56) 38(9.38) 40(13.79) 4(3.10)

farmer 14(8.97) 28(14.07) 11(17.46) 16(10.88) 139(57.44) 46(25.27) 28(28.87) 132(32.59) 145(50.00) 95(73.64

teacher 1(0.64) 0(0.00) 1(1.59) 0(0.00) 4(1.65) 1(0.55) 1(1.03) 1(0.25) 0(0.00) 0(0.00)

student 18(11.54) 5(2.51) 1(1.59) 7(4.76) 7(2.89) 11(6.04) 6(6.19) 13(3.21) 9(3.10) 6(4.65)

doctor 3(1.92) 1(0.50) 1(1.59) 2(1.36) 2(0.83) 1(0.55) 1(1.03) 0(0.00) 0(0.00) 0(0.00)

server 6(3.85) 12(6.03) 2(3.17) 9(6.12) 18(7.44) 2(1.10) 5(5.15) 20(4.94) 5(1.72) 2(1.55)

others 58(37.18) 77(38.69) 24(38.10) 46(31.29) 16(6.61) 64(35.17) 23(23.71) 148(36.54) 66(22.75) 5(3.88)

% constituent ratio.

a Case incidence represents the incidence of cases calculated using cases number and total population in each administrative region, while others represents
cases in each administrative region.

Variation of environmental factors
The relative importance of each environmental factor to the presence of PTB was shown in Fig. 2 and Table 1. The results indicated that the key
environmental variables determining PTB occurrence include monthly mean vapor pressure, solar radiation, monthly average temperature, and precipitation. It
can be seen from the response curves (Fig. 3) that how the predicted probability of presence changes, when each environmental factor changes. During this
procedure, all other environmental variables were kept at their average sample value. When the logistic output probability of PTB presence was set to 0.5, the
ideal conditions of the key environmental factors were (1) monthly average vapor pressure to be 1.71 kPa to 1.75 kPa, (2) solar radiation to be 18840 kJ m-
2 day-1 to 19040 kJ m-2 day-1, (3) monthly average temperature to be 20.7 °C to 21.4 °C, and (4) monthly average precipitation to be 86 mm to 98 mm. All
results indicated that the occurrence of PTB had a specific ecological niche with multi-dimensional environmental variables, playing an important role in the
disease transmission cycle.
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Statistical analysis and model evaluation
Figure 4 showed how testing, training omission, and predicted area vary with different cumulative thresholds. It can be seen from the figure that the omission
of test samples closely matches predicted omission rate in the 10 models. Table 3 listed the AUCs of the training model and testing model, the omission rate
and standard error of the AUC on the test data, as well as the p-value. All the AUCs for both training models and testing models were higher than 0.75. The
average test AUC for the replicate runs was 0.822, with a standard deviation of 0.024. This indicated that both the testing model and the training model had
good performance in predicting the potential high risk areas of PTB.

Table 3
Species Distribution Model (SDM) evaluation results.

Model Name Training AUC Testing AUC Training omission rate Testing omission rate Standard Deviation p-value

SDM1 0.834 0.841 0.012 0.016 0.025 < 0.0001

SDM2 0.832 0.853 0.004 0.016 0.023 < 0.0001

SDM3 0.833 0.850 0.004 0.000 0.023 < 0.0001

SDM4 0.838 0.799 0.009 0.031 0.031 < 0.0001

SDM5 0.836 0.833 0.011 0.047 0.028 < 0.0001

SDM6 0.839 0.781 0.005 0.063 0.030 < 0.0001

SDM7 0.837 0.793 0.007 0.048 0.029 < 0.0001

SDM8 0.835 0.834 0.005 0.000 0.023 < 0.0001

SDM9 0.836 0.810 0.007 0.016 0.028 < 0.0001

SDM10 0.835 0.822 0.009 0.000 0.024 < 0.0001

Potential risk areas of PTB
Figure 5 showed the predicted potential risk area, areas with reported PTB case, and heat map distribution of PTB in Nanjing in May 2018. The predicted
potential risk area (Fig. 5A) was obtained by projecting the training model onto the research regions with various environmental factors in May 2018. The heat
map of research regions (Fig. 5B) was calculated based on the known PTB cases in May 2018 using the kernel density estimation (KDE) method [17]. Without
any prior knowledge and assumptions, the KDE method can be used to study the characteristics of case distribution and to measure the local intensity of a
disease using the cases location itself. Our study indicated that the potential high-risk areas of Nanjing were mainly distributed in Gulou, Qinhuai, Xuanwu,
and Jianye regions. Most of the predicted high-risk regions were confirmed by the known PTB cases.

Discussion
Spatial epidemiology, as a new branch of epidemiology, has been widely used in the research of PTB epidemiology [18, 19]. It uses geographic information
technology [20] and spatial analysis technology [18] to describe and analyse the spatial distribution characteristics and development rules of diseases [21], to
explore the determinants affecting population health [22], and to provide strategies and measures for disease prevention and health services [20]. Thanks to
the development of geographic information technology, China has made remarkable achievements in using spatial data and spatial analysis methods to solve
public health and health problems [21, 22, 23]. In this paper, we first analysed the epidemiological characteristics of PTB using the descriptive epidemiology
method, and then used the Maxent ecological niche model to fit the spatial PTB occurrence data and environmental data to predict the key environmental
factors and the potential high risk area for PTB in Nanjing.

Statistical analysis indicated that except for the small peak in March and September, PTB patients in Nanjing have no obvious seasonal phenomenon. The
minor peak in March was mainly related to social factors, among which, employees returned to the city to work, bringing an increased flow of people, and thus
leading to the spread of PTB [24]. The peak in September was mainly associated with natural factors. The possible reason for the small peak in September is
the increasing number of physical examinations when the school year begins in September [25, 26, 27].

Regional economy directly affects the prevalence and control of PTB [28]. At present, Nanjing is in the period of rapid economic development, and the
economic development of each district is unbalanced. In urban regions, the registration level of tuberculosis prevention and control institutions is higher than
that in a suburban district, and people can get more employment opportunities, attracting a large influx of floating population (Fig. 6). Most of those floating
population are farmers with relatively poor living standards and poor awareness of prevention. Another fact is that the male had much more PTB cases than
female. This is mainly because a growing number of males have moved to cities to earn the family’s bread, leaving women in rural areas to take care of their
children. These people have a strong mobility and thus have many opportunities to be exposed to the source of infection.

One more phenomenon is that PTB cases can be found in all age groups. The number of PTB cases of infants and children under 10 years old are the lowest
as they will be vaccinated with Bacillus Calmette-Guerin (BCG) promptly after birth [29]. Elderly people with low immunity levels are prone to direct infection or
reignition of previously infected lesions, which is one of the most important reasons for the highest number of PTB cases in elders [30]. Young adults aged 20
to 29 have a relatively higher reporting rate. The number of floating workers in this age group is large, and their sense of self-protection is weak, which makes
it easy for them to be infected with PTB.
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Epidemiological surveillance indicated that environmental factors can affect the occurrence and development of PTB infectious disease. Temperature plays a
fundamental role in the occurrence and development of PTB cases [31]. First, it directly influences the reproduction and transmission of vector-borne diseases
[32]. Second, it affects the behaviors and ecological characteristics of hosts. Precipitation is also important meteorological conditions for the incidence of PTB
cases. The higher the humidity, the longer the bacteria stays in the air, and the more likely it is to infect its host.

The potential risk map of PTB occurrence indicates that the economically developed central urban regions with much more floating populations are the high
risk areas for the occurrence of PTB, which is consistent with actual case distribution and the heat map. However, there are many identified potential risk
regions that have no reported PTB cases. For these regions with no reported PTB cases, it is mainly like that the PTB is a disease without specific clinical
manifestations and it is easily misdiagnosed and overlooked by people. Another possible reason is that most of these areas are less developed regions with
less experienced medical staff, thus reliable diagnostics are difficult to obtain. Therefore, epidemiological surveillance should be enhanced in these areas.

Conclusions
The prediction of the potential distribution of PTB disease is a much more complex work. Our research has successfully provided an accurate ENM model for
predicting the potential geographical distribution of PTB disease, taking into account the habitat adaptability of species. In our research, we only took
environmental factors into consideration although the incidence of PTB is affected by economy, geographical environment, climate, health services and other
factors. Thus, to validate the prediction result of the model, surveillance of PTB cases should be enhanced.
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Figures

Figure 1
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Registration of PTB in Nanjing, China, 2017.

Figure 2

Jackknife analysis results of training gain, test gain, and AUC. Average values were shown. (A) Jackknife of regularized training gain for PTB. (B) Jackknife of
test gain for PTB. (C) Jackknife of AUC for PTB).

Figure 3

Response curves for the variables related to presence of PTB. Red lines were mean response of the 10 replicate Maxent runs and blue bars represent the mean
+/- one standard deviation. (A) Response curve for precipitation. (B) Response curve for solar radiation. (C) Response curve for monthly mean vapor. (D)
Response curve for monthly average temperature. (E) Response curve for land cover type. (F) Response curve for normalized difference vegetation index. (G)
Response curve for wind speed. (H) Response curve for slope. (I) Response curve for aspect.

Figure 4

Omission and predicted areas for (A) PTB_0, (B) PTB_1, (C) PTB_2, (D) PTB_3, (E) PTB_4, (F) PTB_5, (G) PTB_6, (H) PTB_7, (I) PTB_8, (J) PTB_9, and (K)
average omission and predicted area for PTB.
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Figure 5

Distribution of PTB diseases in May, 2018, Nanjing, China. (A) Predicted potential high risk areas, (B) reported PTB occurrence and heat map.
Note: The
designations employed and the presentation of the material on this map do not imply the expression of any opinion whatsoever on the part of Research
Square concerning the legal status of any country, territory, city or area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This
map has been provided by the authors.

Figure 6

Population information of Nanjing in 2018. (This information can be collected from statistical yearbook of Nanjing)
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