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Abstract

Background: This study aims to thoroughly examine the relationship between weather
conditions and reported pulmonary tuberculosis (PTB) cases in Haikou City. The goal is to
provide a scientific basis for developing more targeted and timely prevention measures,
thereby enhancing local efforts to control PTB. Methods: In this retrospective time-series
study from 2010 to 2023, a total of 22,083 PTB cases (15,723 males and 6360 females) were
analyzed. Using monthly PTB case counts (overall and stratified by sex and age) and
meteorological variables, descriptive analyses along with distributed lag non-linear models
(DLNMs) and generalized additive distributed lag models (GADLMs) combined with
quasi-Poisson regression model regression were applied. Results: Taking the median
of each meteorological factor as the reference, temperature exhibited significant delayed
effects. For the overall population, temperatures between 14.30 ◦C and 24.24 ◦C posed
significant lagged risks, with the effect decreasing as temperature rose. At the minimum
monthly average temperature (14.30 ◦C), the relative risk (RR) peaked at lag 7 months
(RR = 1.37, 95% CI: 1.23–1.53). Sex-stratified analysis showed similar patterns for males
(14.30–23.94 ◦C) and females (14.30–23.84 ◦C), with peak RRs of 1.40 (1.25–1.58) and 1.37
(1.21–1.56), respectively, at 14.30 ◦C. In the adults group, temperatures between 14.30 ◦C and
25.45 ◦C produced significant lagged effects (maximum lag 14 months), with the highest RR
of 1.42 (1.27–1.60) at lag 8 under 14.30 ◦C. The older age group showed a linear association.
Average relative humidity exhibited a weak lag-4 correlation with PTB counts in some
subgroups, but model testing indicated no statistically significant lagged risk effect in any
group. Conclusions: A significant nonlinear lagged exposure–response relationship exists
between temperature and PTB incidence in Haikou, with population-specific variations,
while relative humidity shows no significant lagged effect. These findings underscore the
necessity of incorporating temporal lag effects and population differences into regional
PTB early warning and prevention strategies.

Keywords: PTB; meteorological factors; distributed lag nonlinear model; generalized
additive distributed lag model; relative risk

1. Introduction
Tuberculosis (TB) is a major global public health challenge. It is a chronic infectious

disease caused by the bacterium Mycobacterium tuberculosis (M.tb). The most common form
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is pulmonary tuberculosis (PTB). The global TB situation remained a serious challenge
in 2023. There were approximately 10.8 million new cases, showing an increase from
2022. Meanwhile, deaths from TB reached 1.25 million, making it the world’s leading
cause of death from a single infectious agent. Among the 30 countries with the highest TB
burden globally, China ranks third in the number of new TB cases. These cases account
for 6.8 percent of the global total [1]. In 2023, the estimated number of new TB patients in
China was 741,000. Among notifiable infectious diseases in China, PTB continued to rank
second in incidence. In 2023, the reported incidence of PTB in Hainan Province ranked
second, only after viral hepatitis, among the notifiable infectious diseases in China [2]. With
comprehensive control measures in place, the incidence of PTB in Hainan Province has
shown a downward trend. In 2022, the annual reported PTB incidence fell to 82.56 per
100,000 people. However, PTB remains a serious threat to the health of local residents and
its control still faces multiple challenges.

Previous studies have shown that climate factors are linked to TB incidence [3–7]. This
finding has been further supported by several studies conducted in China [5–7]. However,
variations were observed in the associations between specific meteorological factors and
TB risk across different population subgroups [8,9]. Hainan Province is located in the
southernmost part of China and has a tropical monsoon climate. Previous studies have
found that in Hainan, both lower temperatures and lower humidity are associated with a
significant delayed risk of tuberculosis [10]. Due to variations in geography and climate
across the province, weather conditions differ among the eastern, western, northern, and
southern regions of Hainan. As the capital of Hainan Province, Haikou City is located in the
northernmost part of Hainan Island. Its unique geographical location and climate may have
a specific delayed effect on PTB incidence. However, there is currently limited research on
the delayed effects of weather factors on PTB incidence in Haikou City. Therefore, studying
the relationship between weather conditions and PTB incidence in Haikou is important,
both in theory and in practice, for improving local PTB control strategies.

Previous studies have widely investigated the complex, delayed relationships between
environmental factors and infectious diseases (including PTB and hepatitis B) across various
settings, often utilizing distributed lag non-linear models (DLNMs) [11–17]. While previous
studies have explored meteorological impacts on PTB at the provincial level in Hainan [10],
generalized provincial models inherently average data across dense cities and sparsely
populated rural areas, potentially masking significant spatial heterogeneity. Haikou, the
provincial capital and the northernmost city of Hainan Island, differs from the province as
a whole in climatic characteristics across both spatial and temporal dimensions, boasting
a unique microclimate characterized by consistently higher temperatures and humidity
compared to the provincial baseline. Furthermore, as the most urbanized and densely
populated city on the island, Haikou presents a distinct epidemiological context. Therefore,
relying on province-wide generalizations is insufficient for precise local health management.
Therefore, conducting a localized assessment of meteorological impacts on PTB in Haikou
is essential.

Given the current lack of subgroup-based research on the relationship between
PTB and meteorological factors, this study systematically collected meteorological data
in Haikou and constructed DLNMs and generalized additive distributed lag models
(GADLMs) for the overall PTB population and subgroups stratified by sex and age. The
aim was to explore the nonlinear and lagged associations between PTB incidence and mete-
orological factors and to provide a scientific basis for developing precise PTB prevention
and control strategies based on meteorological conditions.
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2. Materials and Methods
2.1. Study Area

Haikou City is located in the northern part of Hainan Island, between 19◦31′32′′–
20◦04′52′′ N and 110◦07′22′′–110◦42′32′′ E, and serves as the capital of Hainan Province. Its
administrative divisions include Xiuying District, Longhua District, Qiongshan District, and
Meilan District. Haikou covers a land area of 2304.84 km2 and a sea area of approximately
830 km2. It borders Wenchang City to the east, Ding’an County to the south, Chengmai
County to the west, and faces the Leizhou Peninsula of Guangdong Province across the
Qiongzhou Strait to the north. Haikou has a tropical monsoon climate characterized by
year-round warmth and humidity, abundant sunshine, and a long summer with virtually no
winter. By the end of 2023, the permanent resident population of Haikou was approximately
2.93 million.

2.2. Tuberculosis Incidence Data

Data on reported PTB cases in Haikou City from January 2010 to December 2023
were obtained from the Chinese Infectious Disease Surveillance System (CIDSS), managed
by the Chinese Center for Disease Control and Prevention (China CDC) [18]. PTB cases
were defined according to the International Classification of Diseases, Tenth Revision (ICD-
10) codes A15–A16. During the 14-year study period, the diagnostic criteria for PTB in
China transitioned from the older standard (WS 288-2008) to the updated standard (WS
288-2017) implemented in 2018, which placed greater emphasis on molecular biological
testing [19]. No individual-level records, specific residential coordinates, or identifiable
private information were accessed during this study.

2.3. Meteorological Data

Meteorological data were obtained from the Monthly Spatial Interpolation Dataset of
Chinese Meteorological Elements (www.gisrs.cn), from which we extracted the 2010–2023
monitoring data covering Haikou City. The extracted meteorological variables included
average temperature (◦C), average atmospheric pressure (hPa), average relative humidity
(%), and precipitation (mm), and all regional meteorological datasets for Haikou City in this
study were matched and extracted based on the geographical coordinates of Haikou national
primary meteorological reference station (Longitude: 110.35◦ E, Latitude: 20.03◦ N).

2.4. Statistical Methods

A stratified analysis was conducted in this study. We first analyzed the overall PTB
population in Haikou and then performed subgroup analyses by sex (male and female)
and age group: children and adolescents (0–18 years), adults (19–64 years), and older
adults (≥65 years). Descriptive statistics were used to summarize the monthly PTB case
counts and meteorological variables, including mean, standard deviation, and percentiles.
Spearman’s rank correlation coefficients were used to assess correlations among meteoro-
logical factors. When strong collinearity existed between meteorological variables, only the
most representative variables were included in the model. Cross-correlation coefficients
(CCC) were used to explore the lagged correlations between meteorological factors and PTB
case counts.

Assuming that the monthly number of PTB cases followed a quasi-Poisson distribu-
tion, DLNMs and GADLMs were used to investigate the nonlinear and lagged associations
between meteorological factors and PTB incidence. Four types of models were constructed
and compared (Appendix A). If the nonlinear lag effect of the cross-basis term of a mete-
orological factor was not statistically significant, or if the lagged risk effect of that factor
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on PTB incidence was not significant in the model output, a GADLM was used instead.
Ultimately, the first DLNM was selected for analysis.

The DLNM (Model 1) is expressed as:

log[E(Yt)] = α + cb(TEMt,lag,df1) + ns(timet,df3) + β montht

where EYt is the average number of PTB cases per month, TEM is the monthly average
temperature. cb is the cross basis function of temperature, lag is the longest lag time. ns is
the natural spline function, df1, df3 all are degrees of freedom (df). The time series variable
time was modeled using a natural cubic spline to adjust for seasonal and long-term trends.
The month variable was included as a categorical variable, β is the regression coefficient
corresponding to the month, α is the intercept.

Model parameter determination was performed as follows. First, generalized linear
models with natural spline functions were used to examine the nonlinear associations
between meteorological factors and monthly PTB case counts. Based on the significance
of the regression coefficients and the minimum Akaike information criterion (AIC), the
optimal number and locations of internal knots for the spline functions of temperature
and relative humidity were selected. After determining the internal knots in the exposure–
response dimension of the cross-basis term, the degrees of freedom for the lag dimension
were further specified. For the temperature cross-basis, the maximum lag time was set a
priori to 13 months [10], while also considering a reference value of up to 20 months [16].
The prior degrees of freedom for the natural cubic spline of the time variable were set to
either 6 or 7. Models were evaluated based on the significance of the relative risk (RR) at
the maximum lag time and AIC. The model with the smallest AIC value was selected to
analyze the relationship between meteorological factors and PTB case numbers.

This study used relative risk (RR) and its 95% confidence interval (95% CI) based on
quasi-Poisson regression principles to quantify the delayed effects of meteorological factors
on PTB [20]. All analyses were conducted in R software version 4.3.1, with the “DLNM”
package applied to construct the DLNM [21] and the “MGCV” package implemented for
GADLM fitting [22], following previously published standard methodological frameworks.
A two-sided p-value < 0.05 was considered statistically significant.

3. Results
3.1. Descriptive Characteristics

From 2010 to 2023, a total of 22,083 reported PTB cases were identified in Haikou City,
Hainan Province, with a monthly average of 132 cases. Among them, 15,723 cases occurred
in males, with a monthly average of 94 cases, and 6360 cases occurred in females, with a
monthly average of 38 cases. The male-to-female ratio was 2.47:1. By age group, 863 cases
were reported in the children and adolescents group, with a monthly average of 6 cases;
16,674 cases were reported in the adults group, accounting for the largest proportion, with
a monthly average of 100 cases; and 4546 cases were reported in the older adults group,
with a monthly average of 28 cases. During the study period, the mean monthly average
temperature was 24.75 ◦C, the mean monthly atmospheric pressure was 1004.44 hPa, the
mean monthly relative humidity was 81.70%, and the mean monthly precipitation was
151.29 mm. Because most variables exhibited non-normal distributions, detailed descriptive
statistics are presented using percentiles in Table 1.
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Table 1. Basic characteristics of reported PTB and basic characteristics of meteorological factors in Haikou City, Hainan Province from 2010 to 2023.

Variable Aggregated Total Mean SD Minimum P10 P25 P50 P75 P90 Maximum

Number of cases in the
total population 22,083 132 51.16 32 76.10 93.00 118.50 181.00 203.00 258

Number of male cases 15,723 94 36.58 18 53.00 65.00 82.50 124.25 144.90 178
Number of female cases 6360 38 15.94 5 19.00 26.00 34.00 49.25 60.30 80
Number of cases in the
0–18 years age group 863 6 3.24 0 2.00 3.00 4.00 7.00 10.00 24

Number of cases in the
19–64 years age group 16,674 100 36.10 18 58.00 71.75 93.50 128.00 148.30 196

Number of cases in the
65 years and above age group 4546 28 16.32 5 10.00 14.00 20.00 41.25 49.60 78

Average temperature (◦C) 168 24.75 4.10 14.30 18.07 21.20 25.45 28.33 29.30 30.10
Atmospheric pressure (hPa) 168 1004.44 5.67 994.10 996.84 999.35 1005.00 1008.53 1011.50 1019.49

Relative humidity (%) 168 81.70 3.79 73.60 76.60 79.10 81.70 84.09 86.60 93.80
Rainfall (mm) 168 151.29 173.17 0.00 9.55 26.08 94.20 230.98 352.92 1212.90

Note. SD is standard deviation of variables, and P10, P25, P50, P75, P90 are the 10th, 25th, 50th, 75th, 90th percentiles of variables, respectively.
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3.2. Correlation Analysis of Meteorological Factors

Spearman’s rank correlation coefficients among meteorological factors were calculated
(Supplementary Table S1). Strong correlations were observed between average temperature
and atmospheric pressure, and between average temperature and precipitation, with
correlation coefficients of −0.86 and 0.54, respectively. To avoid multicollinearity, average
temperature was selected as the primary meteorological variable for subsequent analyses
of its association with PTB incidence.

The cross-correlation function plots of average temperature and relative humidity
with the numbers of incident cases in different populations are shown in Figure 1. A
significant lagged correlation was observed between the number of incident cases in
the total population and temperature (Figure 1a). Significant lagged correlations with
temperature were also found for both male and female incident cases. No significant
lagged correlation with temperature was found for the low-age group, whereas significant
lagged correlations with temperature were observed for both the adults group and the
older adults group (Figure 1b). Average relative humidity showed weak but significant
positive lag-4 correlations with incident cases among males, females, and the adults group
(cross-correlation coefficient < 0.2). No significant lagged correlation was found between
relative humidity and the total PTB incidence, the low-age group, or the older adults group.

Figure 1. Cross-correlation function plots of average temperature and relative humidity with the
numbers of incident PTB cases in different populations. (a) Total, male, and female gender-stratified
groups. (b) Three age-stratified groups.

3.3. Analysis of the Lagged Risk Effects of Meteorological Factors on the Total Number of PTB
Cases in Haikou City

Because the cross-basis term for average temperature was statistically significant in
the fitted models, whereas no significant association was identified for average relative
humidity, Model 1 was retained for subsequent analysis. The maximum lag time for
average temperature was determined to be 13 months. Within the temperature cross-basis,
natural cubic splines with 3 degrees of freedom were applied to both the exposure and
lag dimensions. The optimal internal knots were located at 27.90 ◦C and 28.62 ◦C, and the
optimal degree of freedom for the time variable was 6 (Supplementary Tables S2 and S3).

Figure 2a presents the three-dimensional exposure–lag–response surface for average
temperature and PTB incidence over 0–13 lag months, with 25.45 ◦C (the median monthly
average temperature) taken as the reference value; the corresponding contour plot is shown
in Figure 2b.

The strongest cumulative association was observed at the lowest average temperature,
14.30 ◦C, where the cumulative RR for PTB incidence reached 29.85 (95% CI: 9.22–96.66)
(Supplementary Table S7). Overall, temperatures below 24.24 ◦C were associated with a sta-
tistically significant cumulative lag effect on PTB incidence, and the estimated RR gradually
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declined as temperature increased. By contrast, no statistically significant cumulative effect
was detected when temperature exceeded 24.24 ◦C (p > 0.05), as illustrated in Figure 3a.

Figure 2. Three-dimensional exposure–lag–response diagram and corresponding contour map of the
risk of PTB at different lagged monthly average temperatures. (a,b) Overall population. (c,d) Male
population. (e,f) Female population. (g,h) Adults group.

Figure 3. Cumulative RR (95% CI) of temperature over the full lag period: (a) Overall population,
(b) Male, (c) Female, (d) Adult group. Exposure–response associations at the peak lag month:
(e) Overall population, (f) Male, (g) Female, (h) Adult group. The red solid line in each subplot
denotes the estimated cumulative RR of PTB incidence across varying temperature levels, with the
median temperature specified as the reference value (RR = 1). The light grey shaded band surrounding
the line represents the 95% CI of the estimated effect.

At both 14.30 ◦C and 17.64 ◦C, the lag-specific RR displayed a rise-then-fall pattern
over time (Supplementary Table S8). Specifically, at 14.30 ◦C, the delayed effect reached its
maximum at lag 7 months, corresponding to an RR of 1.37 (95% CI: 1.23–1.53) (Figure 4a).
At 17.64 ◦C, the peak lag effect appeared later, at lag 9 months, with an RR of 1.21 (95% CI:
1.14–1.28) (Figure 4b).
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Figure 4. Relative risk ratios (RR) and 95% confidence intervals between specific monthly average
temperatures and PTB incidence across different lag months: (a,b) Overall population; (c,d) Male
population; (e,f) Female population; (g,h) Adults group.The red solid line in each subplot denotes the
estimated relative risk of PTB incidence across different lag months, and the light grey shaded band
surrounding the line represents the 95% confidence interval of the corresponding effect estimate.

A significant lag-specific risk effect was identified at lag 7 months for temperatures
between 14.30 ◦C and 22.49 ◦C. Within this temperature interval, the RR decreased progres-
sively with increasing temperature. The largest lag-7 RR was recorded at 14.30 ◦C, reaching
1.37 (95% CI: 1.23–1.53), as shown in Figure 3e.

3.4. Gender-Stratified Analysis of the Lagged Risk Effects of Meteorological Factors on
PTB Incidence

For both male and female subgroups, average temperature showed a statistically sig-
nificant association with PTB incidence, so Model 1 was selected as the final model for both
stratified analyses (Appendix B). The temperature lag duration for both groups was set to
13 months. In the cross-basis specification, natural cubic spline functions with 3 degrees of
freedom were used for both the exposure and lag dimensions, with optimal internal knots
identified at 27.90 ◦C and 28.62 ◦C. The optimal degree of freedom for time was 6 for the male
subgroup, and 7 for the female subgroup (Supplementary Tables S2, S4 and S5).

Taking the median temperature of 25.45 ◦C as the reference, the three-dimensional
plots describing the lagged temperature-related relative risk (RR) for male and female
PTB incidence are presented in Figure 2c,e, respectively, with their corresponding contour
representations provided in Figure 2d,f.

The cumulative risk for both subgroups peaked at 14.30 ◦C: the cumulative RR for
males was 36.21 (95% CI: 10.28–127.53), while the cumulative RR for females reached 43.07
(95% CI: 7.65–242.59) (Supplementary Table S7). Temperatures lower than 23.94 ◦C in males
and 23.84 ◦C in females were associated with significant cumulative lagged effects, and
these effects weakened as temperature increased. No statistically significant cumulative
association between temperature and PTB incidence was observed above these respective
thresholds (all p > 0.05), as shown in Figure 3b,c.

For both subgroups at the selected low-temperature points 14.30 ◦C and 17.64 ◦C,
the RR of PTB cases first increased and then decreased as the lag period lengthened
(Supplementary Table S8). The maximum delayed effect for males at 14.30 ◦C occurred at
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lag 7 months (RR = 1.40, 95% CI: 1.25–1.58), while the peak effect for females at 14.30 ◦C
appeared at lag 9 months (RR = 1.37, 95% CI: 1.21–1.56). For 17.64 ◦C, the peak RR reached
1.22 for both groups, occurring at lag 10 months for males (95% CI: 1.14–1.30) and lag
10 months for females (95% CI: 1.12–1.33) (Figure 4c–f).

For temperatures ranging from 14.30 ◦C to 22.49 ◦C, significant risk elevations were
detected at different lag time points across genders: males showed significantly elevated
RRs at lag 7 months, while females showed the corresponding significant risk effects at lag
9 months. Across this temperature range, the RR declined as temperature rose for both
subgroups. The highest RR at the gender-specific peak lag point was observed at 14.30 ◦C,
with an estimate of 1.40 (95% CI: 1.25–1.58) for males at lag 7 months and 1.37 (95% CI:
1.21–1.56) for females at lag 9 months, as shown in Figure 3f,g.

3.5. Age-Stratified Analysis
3.5.1. Analysis of the Lagged Risk Effects of Meteorological Factors on the Number of PTB
Cases in the Adults Group

For the adults group, the cross-basis term for average temperature remained statisti-
cally significant in the constructed models, so Model 1 was selected for further analysis
(Appendix C). The maximum lag for temperature was extended to 14 months. Both the
exposure–response and lag–response dimensions were modeled using natural cubic splines
with 3 degrees of freedom. The internal knots of the cross-basis were placed at 27.9 ◦C and
28.62 ◦C, and the optimal degree of freedom for time was 7 (Supplementary Tables S2 and S6).

Using the median monthly average temperature (25.45 ◦C) as the reference point, the
three-dimensional exposure–lag–response surface for PTB incidence in the adults group is
shown in Figure 2g, with the contour plot presented in Figure 2h.

In this age group, temperatures below 25.45 ◦C were associated with significant
cumulative lagged effects on PTB incidence, and the corresponding RR decreased as
temperature increased. The most pronounced cumulative effect occurred at 14.30 ◦C,
where the cumulative RR reached 61.37 (95% CI: 13.51–278.82) (Supplementary Table S7).
No statistically significant cumulative effect was identified when temperature was above
25.45 ◦C (p > 0.05), as shown in Figure 3d.

At 14.30 ◦C and 17.64 ◦C, the lag–response curves showed a similar temporal pattern,
with RR increasing initially and subsequently declining over longer lags (Supplementary
Table S8). The peak effect at 14.30 ◦C appeared at lag 8 months, with an RR of 1.42 (95% CI:
1.27–1.60) (Figure 4g), whereas at 17.64 ◦C the peak occurred at lag 9 months, corresponding
to an RR of 1.23 (95% CI: 1.15–1.32) (Figure 4h).

For temperatures between 14.30 ◦C and 22.49 ◦C, statistically significant risk effects
were detected at lag 8 months in the adults group. As temperature increased within this
interval, the RR gradually declined. The maximum lag-8 RR was observed at 14.30 ◦C,
reaching 1.42 (95% CI: 1.27–1.60), as shown in Figure 3h.

3.5.2. Analysis of the Lagged Risk Effects of Meteorological Factors on the Number of PTB
Cases in the Older Adults Group

In the older adults group, a linear regression model was fitted to assess the associ-
ation between the number of PTB cases and average temperature. The slope parameter
was statistically significant (t = 3.074, p < 0.05), indicating a linear relationship between
temperature and PTB incidence in this group. Further attempts were made to construct lag
models; however, none of these models reached statistical significance (Appendix D).

3.6. Sensitivity Analysis

To assess the robustness of the model results, we performed a sensitivity analysis
by varying the degrees of freedom (df) for the smooth function of long-term time trend
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while keeping the other model parameters unchanged, including the maximum lag, knot
locations, and the degrees of freedom for the spline functions. Specifically, the df for
the time trend was set to 5, 6, and 7. The results showed that, in the overall population
as well as in males, females, and the adults group, the overall shapes of the cumulative
exposure–response curves between monthly average temperature and PTB incidence were
generally consistent across different df values. Specifically, the relative risk increased at
lower temperatures, and the cumulative RR gradually decreased and approached 1 as
temperature increased (Supplementary Figure S1). Although some differences in effect
estimates were observed at the lower end of the temperature range under different df
specifications, the overall trend and main conclusions remained materially unchanged,
indicating that the study findings were robust.

4. Discussion
In Haikou City, Hainan Province, the sex distribution of PTB cases showed a male-to-

female ratio of 2.47:1, with more cases occurring among males than females. This finding
is consistent with studies from Kazakhstan and Hangzhou, China [23,24], suggesting
that males may be a high-risk population for PTB. The sex ratio in Haikou was lower
than that reported in Dazhu County, Sichuan Province (2.99:1) and Guangdong Province
(2.63:1) [25,26], but higher than that reported among the floating population in Beijing
(2.2:1) [27]. In terms of age distribution, the numbers of PTB cases differed substantially
across age groups. The low-age group had the fewest cases (3.91%), followed by the older
adults group (20.59%). The age distribution pattern of PTB in Hainan was similar to that
reported in Guangdong Province [26]. The adults group accounted for the majority of
PTB cases (75.51%), which is consistent with findings from Hangzhou and Beijing [23–27],
suggesting that young and adults may be the key target population for PTB prevention
and control.

Using a distributed lag nonlinear model and taking the median value of meteorological
factors as the reference, this study found that low temperature had significant delayed
and cumulative risk effects on PTB incidence in the total population in Haikou. When
the average temperature ranged from 14.30 ◦C to 24.24 ◦C, a significant lagged risk effect
on PTB incidence was observed in the total population of Haikou, and the lagged RR
decreased with increasing temperature. Existing evidence has shown that the risk of
PTB incidence in Hainan gradually decreases with increasing temperature under low-
temperature conditions [10]. The finding that low temperature is a lagged risk factor for
PTB incidence in the total population is also consistent with several previous studies. For
example, extreme low temperature was found to be a significant risk factor for respiratory
diseases in Lanzhou, China [12], and studies from Japan further indicated that extreme
low temperature is an important risk factor for TB incidence [4]. In addition, studies
from Jiangsu Province, Hong Kong SAR, Southwest China, Kashgar City, and Bangladesh
consistently showed that low-temperature environments were significantly positively
associated with the risk of TB incidence and constituted an important risk factor [3,6,8,16,17].
However, a study from Urumqi reported that extreme low temperature had a protective
effect on PTB [13], which is inconsistent with our findings. One possible explanation is the
marked climatic differences between Urumqi and Haikou. The extreme low temperatures
in Urumqi (−20 ◦C to −9 ◦C) differ substantially from the minimum average temperature
of 14.3 ◦C in Haikou, which may account for the discrepancy.

The effect of low temperature on PTB transmission may be the result of multiple mech-
anisms acting together. First, from the perspective of environmental microbiology, high
temperature and strong ultraviolet radiation can significantly reduce the biological activity
concentration of Mycobacterium tuberculosis (M.tb) in the air, thereby effectively suppress-
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ing the transmission risk of PTB [28,29]. Second, from the perspective of environmental
epidemiology, low-temperature conditions are often accompanied by the use of indoor
heating systems, which may increase air pollutant concentrations and create favorable
conditions for the transmission of M.tb. Although low temperature and high pressure in
winter may reduce the suspension time of M.tb in the air by decreasing the movement
rate of air molecules, this inhibitory effect is often offset by the marked increase in indoor
transmission risk [30]. From an immunological perspective, reduced sunshine duration in
winter can lead to vitamin D deficiency in the population, thereby impairing normal host
immune function. This immunosuppressive state not only increases the risk of TB onset
but may also promote the reactivation of latent infection [31,32]. From the perspective of
behavioral epidemiology, low-temperature conditions substantially alter human behavioral
patterns, increasing the amount of time spent indoors, crowding, and poor ventilation,
all of which provide suitable conditions for M.tb transmission [33]. Through the complex
interaction between the environment, host, and pathogen, temperature plays a key role in
the transmission dynamics of PTB.

Both 14.30 ◦C and 17.635 ◦C had significant risk effects on PTB incidence in the total
population of Haikou during lag 2–13 months, with the longest significant lag period
reaching 13 months. Moreover, as the lag order increased, the risk of PTB incidence first
increased and then decreased, peaking at lag 7 months at the minimum monthly average
temperature of 14.30 ◦C (RR = 1.37, 95% CI: 1.23–1.53). These results are consistent with
previous findings from Hainan Province, where the longest lagged risk period for PTB
incidence was also 13 months and the risk effect likewise first increased and then decreased
with increasing lag order [10]. The trend of the lag effect of PTB incidence in the total
population in Haikou was similar to that in Hong Kong. However, in Hong Kong, the
lag effect lasted up to 20 months and the maximum risk effect occurred at lag 14 months,
which differs from the present findings [16]. In addition, a study from Bangladesh showed
that the lag effect of low temperature on TB incidence could last for as long as six quarters,
and the lagged risk effect continued to increase with increasing lag order [3], which is also
inconsistent with our findings.

The sex-stratified analysis in Haikou showed that both males and females exhib-
ited similar lagged exposure–response relationships with average temperature. Signif-
icant risk effects on PTB incidence were observed when the temperature ranged from
14.30 ◦C to 23.94 ◦C in males and from 14.30 ◦C to 23.84 ◦C in females. In both groups, the
cumulative RR peaked at the minimum temperature of 14.3 ◦C (males: RR = 36.21, 95%
CI: 10.28–127.53; females: RR = 43.07, 95% CI: 7.65–242.59), and the longest lag period in
both groups was 13 months. Under low-temperature conditions, the PTB risk in both male
and female subgroups gradually decreased as temperature increased. The peak lag-specific
risk occurred at lag 7 months in males (RR = 1.40, 95% CI: 1.25–1.58) and lag 9 months
in females (RR = 1.37, 95% CI: 1.21–1.56). A study from Lanzhou reported that extreme
low temperature was a risk factor for PTB incidence in both males and females, which is
consistent with our findings. However, unlike our study, that study found that the lag
effect of extreme low temperature lasted longer in males than in females, with the longest
lag period being 30 days in males and 27 days in females [12].

Studies have shown that there are significant sex differences in susceptibility to extreme
temperature exposure, with females exhibiting greater vulnerability. This difference may
be attributed to both physiological and socioeconomic factors. Physiologically, females
generally have a lower basal metabolic rate and a smaller body surface area-to-weight
ratio, resulting in relatively weaker thermoregulatory capacity. Socially, females may
differ systematically from males in outdoor activity patterns and occupational exposure
characteristics [34]. The lag-specific risk peak in females appeared at lag 9 months, which
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may be related to their relatively weaker thermoregulatory ability, whereas the peak in
males appeared at lag 7 months. The shorter lagged disease effect in males under extreme
temperature exposure may be associated with stronger compensatory mechanisms and
greater occupational exposure [35].

The age-stratified analysis showed that, in the adults group, significant lagged risk
effects on PTB incidence were observed during lag 2–14 months when the temperature
ranged from 14.30 ◦C to 25.45 ◦C, and the RR decreased as temperature increased. As the
lag order increased, the risk of PTB incidence in the adults group first increased and then
decreased, reaching its highest value at lag 8 months at the minimum monthly average
temperature of 14.30 ◦C (RR = 1.42, 95% CI: 1.27–1.60). In the older adults group, the
logarithm of the number of PTB cases showed a linear relationship with temperature. A
study in Lanzhou found that extreme low temperature was a risk factor for PTB incidence
in adults populations, which is consistent with our results. That study also found risk
effects of extreme temperature on PTB incidence in both elderly and low-age populations,
which differs from the present study [12]. The absence of a lagged risk effect of average
temperature in the low-age group in our study may be due to the relatively small number
of reported cases.

Studies have shown that susceptibility to average temperature differs across pop-
ulations. From the age perspective, elderly populations are generally more sensitive to
extreme temperature changes because of relatively weakened immune function [12,36].
At the same time, under extreme low-temperature conditions, older adults may actively
reduce outdoor and social activities because of diminished physiological adaptability,
and such self-protective behavior may reduce their opportunities for exposure to M.tb,
thereby lowering the risk of PTB incidence. In contrast, adult populations have different
occupational characteristics and activity patterns and generally face greater occupational
exposure risk, such as commuting by public transportation and working in crowded office
environments. Our study found that high temperature did not show a significant risk
effect on PTB incidence in any population subgroup. This differs from findings in Kashgar,
where the risk of TB incidence continued to increase with increasing lag order, the longest
lag effect reached 21 days, and high temperature had a protective effect in males but a
possible delayed risk effect in females and adults and elderly populations [8]. However,
both low and high temperatures were confirmed to be risk factors for respiratory diseases
in Lanzhou [12]. In addition, high temperature was identified as a risk factor for TB in-
cidence in Bangladesh [3]. These findings suggest that the effects of temperature on TB
incidence exhibit substantial regional and population heterogeneity and may be related to
local climate, population structure, socioeconomic status, and behavioral patterns.

This study found no significant association between average relative humidity and
PTB incidence in the total population or in sex-specific subgroups in Haikou. This result
differs from findings at the provincial level in Hainan, where low relative humidity showed
delayed and nonlinear risk effects on PTB incidence, and the risk effect first increased
and then decreased with both increasing relative humidity and increasing lag period [10].
This discrepancy may be attributable to regional differences in meteorological conditions
across eastern, southern, western, and northern Hainan, whereas Haikou, located in the
northernmost part of Hainan Island, has a unique geographical location and climatic profile.
Specifically, the minimum relative humidity in Haikou (73.6%) is notably higher than the
provincial minimum (68.98%), and its mean relative humidity (81.7%) is nearly equivalent
to the 75th percentile (P75 = 81.88%) of the entire province. In other words, the range
of relative humidity variation in Haikou is relatively narrow compared with the whole
province. This restricted range of humidity fluctuation may weaken the statistical ability to
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identify the potential correlation between relative humidity and PTB incidence, eventually
leading to the non-significant result observed in this study.

However, this study found that both the adults group and the older adults group were
associated with PTB incidence at lag 4 months in relation to relative humidity. Studies
from Hainan Province indicated that although the extreme values of relative humidity
in the province were overall lower than those in Haikou, both areas showed a similar
declining trend in risk effects with increasing relative humidity within the range of 75–
80% [10]. A study in Jiangsu showed that minimum relative humidity was significantly
negatively correlated with PTB incidence at lag 4 months [6], and a study in Southwest
China further demonstrated that minimum relative humidity was negatively correlated
with TB incidence at lag 4 months [17]. In addition, a study from Bangladesh found
a positive contemporaneous association between low humidity and TB incidence, but
this association gradually weakened as lag time increased [3]. A study from Hong Kong
showed that when relative humidity was below 84.0%, the number of TB notifications
increased significantly over lag 3–20 months [16]. These findings differ from ours, possibly
because of regional diversity in meteorological conditions and uneven distributions of local
socioeconomic factors, such as health service conditions, population density, and lifestyle
habits. The absence of an association between relative humidity and PTB incidence in
the low-age group in our study may be due to the small number of cases and stronger
immunity in this group, which may have limited the ability to detect such an association.

This study has several notable strengths. First, it innovatively adopted a compre-
hensive lag–exposure–response analytical framework (DLNM) to systematically evaluate
the complex delayed effects of meteorological factors on PTB incidence in a tropical city.
Second, we conducted detailed stratified analyses by sex and age group, moving be-
yond general population trends. These findings provide robust scientific evidence for
establishing a meteorology-based early warning system and optimizing region-specific,
population-targeted prevention and control strategies.

Nevertheless, this study still has several limitations. First, due to the inherent na-
ture of ecological studies utilizing aggregated registry data, individual-level confounding
factors could not be assessed. Crucial variables such as social factors, occupational activ-
ities, and harmful behavioral habits (e.g., smoking and alcohol consumption) were not
incorporated into the model, which might influence PTB susceptibility. Second, other
macro-environmental confounders, such as air pollution, and potential interactions among
covariates were not evaluated, which may have introduced some bias into the estimates
of lagged meteorological effects. Third, over the prolonged study period, continuous
advancements and optimization of PTB diagnostic technologies likely improved case as-
certainment rates. This study focuses on the lagged effects of meteorological factors on
TB. Since the analysis relies on temporal variation and includes time trends and sensitivity
tests for degrees of freedom, the potential influence of detection methods is considered
acceptable for the findings on environmental lag effects. Finally, the study used monthly
PTB incidence and meteorological data. This temporal resolution may not fully capture
the acute, short-term lagged effects of meteorological fluctuations, thereby limiting the
precision and timeliness of the proposed prevention measures to some extent.

5. Conclusions
The results showed that there was a significant nonlinear lagged exposure–response

relationship between temperature and PTB incidence in Haikou, and that this relationship
exhibited marked population-specific heterogeneity. Relative humidity showed no lagged
risk effect on PTB incidence in any population in Haikou. These results provide important
scientific evidence for the establishment of an early warning system and the optimization
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of prevention and control strategies for PTB in Haikou. They also suggest that, when
formulating intervention measures, it is necessary to fully consider the temporal lag effects
of meteorological factors and their differential impacts on different populations so as to
achieve precision prevention and control.
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Appendix A
The four types of models constructed in this paper are as follows:
The first type: DLNM model (Model 1) is expressed as:

log[E(Yt)] = α+ cb(TEMt, lag, df1) + ns(timet, df3) + βmontht

The second type: DLNM model (Model 2) is expressed as:

log[E(Yt)] = α+ cb(TEMt, lag, df1) + ns(RHt−i, df2) + ns(timet, df3) + βmontht

The third type: GADLM model (Model 3) is expressed as:

log[E(Yt)] = α+ TEMt + ns(RHt−i, df2) + ns(timet, df3) + βmontht
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The fourth type: (Model 4) is expressed as:

log[E(Yt)] = α+ TEMt + ns(timet, df3) + βmontht

where E(Yt) is the average number of PTB cases per month, TEM is the monthly aver-
age temperature, RH is the monthly relative humidity. cb is the cross basis function of
temperature, lag is the longest lag time. ns is the natural spline function, df1, df2, df3 all
are degrees of freedom. time for time series variables, natural cubic spline functions are
introduced to control seasonal trends and long-term trends. month is the month variable,
β is the regression coefficient corresponding to the month, α is the intercept.

Appendix B
The model construction process for tuberculosis incidence by gender and meteorologi-

cal factors is as follows:
During the construction of the male model, the cross-basis term for average tempera-

ture showed statistical significance, while average relative humidity only showed a weak
correlation with male PTB cases at a 4-month lag. Therefore, Model 2 was attempted, but
the natural spline term for average relative humidity in the model was not statistically
significant (see Table A1). Consequently, Model 1 was ultimately selected for the final
analysis.

For female PTB incidence, the association with meteorological factors was consistent
with that observed in males, leading to the same selection of Model 1 for modeling (see
Table A2).

Table A1. Test of the Natural Spline Regression Term for Average Relative Humidity in Model 2 (Males).

Knots AIC p

(78.45312) 1651.3 >0.1
(80.9) 1651.3 >0.1
(82.6) 1651.3 >0.1

(84.64) 1651.3 >0.1
(79.86667,81.70) 1653.3 >0.1
(81.70, 82.96667) 1653.3 >0.1

(82.96667, 84.98333) 1653.3 >0.1
(79.8558, 82.9721) 1653.3 >0.1

(77.55714, 79.40,81.10) 1655.3 >0.1
(79.40,81.10, 82.43478) 1655.3 >0.1

(81.10,82.43478, 83.28571) 1655.3 >0.1
(82.43478, 83.28571, 85.37143) 1655.3 >0.1

(79.075, 81.7, 83.95) 1655.3 >0.1

Table A2. Test of the Natural Spline Regression Term for Average Relative Humidity in Model 2 (Females).

Knots AIC p

(78.45312) 1376.9 >0.1
(80.9) 1377 >0.1
(82.6) 1377 >0.1

(84.64) 1377 >0.1
(77.93333, 79.86667) 1378.8 >0.1

(79.86667, 81.70) 1378.8 >0.1
(81.70, 82.96667) 1378.9 >0.1

(82.96667, 84.98333) 1379 >0.1
(77.55714, 79.40, 81.10) 1380.7 >0.1
(79.40, 81.10, 82.43478) 1380.7 >0.1

(81.10, 82.43478, 83.28571) 1380.7 >0.1
(82.43478, 83.28571, 85.37143) 1380.9 >0.1

(79.075, 81.7, 83.95) 1380.7 >0.1
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Appendix C
The model construction process for tuberculosis incidence in the middle age group

and meteorological factors is as follows:
During the model construction for the adults group, the cross-basis term for average

temperature showed statistical significance. Although average relative humidity showed a
weak but statistically significant correlation with PTB incidence at a 4-month lag, Model 2
was attempted to further examine this relationship. However, in Model 2, the delayed risk
effect of average relative humidity on PTB incidence in the adults group was not statistically
significant. Therefore, Model 1 was ultimately selected for the final analysis (see Table A3).

In Model 2, the key parameters were determined as follows: the maximum lag for
average temperature was set to 14 months; the degrees of freedom for both the exposure-lag
dimensions in the cross-basis were set to 3 using natural cubic splines; the knots for the
natural spline in the cross-basis were set at 27.9 ◦C and 28.62 ◦C. For relative humidity at
lag 4, the optimal knot for the natural spline function was 87%, with degrees of freedom set
to 2. The optimal degrees of freedom for the time variable were set to 7. The RR plot for
relative humidity is shown in Figure A1.

Table A3. Parameter Table for Model 2 (Adults Group).

Model Types

Parameter Settings

Knots
lag j i

df

knotsTEM knotsRH df1 df2 df3

Model 2 (27.9, 28.61667) (87) 14 - 4 3 2 7

Figure A1. Relative risk (95% CI) of PTB incidence associated with relative humidity in the adults
group under Model 2. The red solid line in each subplot denotes the estimated RR of PTB incidence
across varying relative humidity. The light grey shaded band surrounding the line represents the 95%
CI of the estimated effect.

Appendix D
The process of constructing a model for pulmonary tuberculosis incidence in older

adults age group with meteorological factors is as follows:
During the model construction for older adults group, a weak but statistically signifi-

cant correlation was observed between average relative humidity at a 4-month lag and PTB
incidence. Therefore, Model 3 was attempted. However, the risk effect of average relative
humidity on PTB incidence in older adults group in Model 3 was not statistically significant.
Since a linear relationship was identified between PTB case numbers and temperature,
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Model 4 was subsequently attempted. However, the risk effect of average temperature on
PTB incidence in older adults group in Model 4 was also not statistically significant (see
Table A4).

In Model 3, the optimal knot and degrees of freedom for the natural spline function of
relative humidity were determined to be 80.9% and 2, respectively. The optimal degrees of
freedom for the time variable were set to 7. The RR plot for relative humidity is shown in
Figure A2a.

In Model 4, the optimal degrees of freedom for the time variable were set to 7. The RR
plot for average temperature is shown in Figure A2b.

Table A4. Parameter Tables for Models 3 and 4 (Older Adults Group, ≥ 65 years).

Model Types

Parameter Settings

Knots
lag j i

df

knotsTEM knotsRH df1 df2 df3

Model 3 (27.9, 28.61667) (87) - 12 4 3 2 7
Model 4 - (80.9) - - 4 - 2 7

Figure A2. Risk (95% CI) of pulmonary tuberculosis incidence associated with relative humidity in
Model 3 (a) and average temperature in Model 4 (b) for older adults group. The red solid line in each
subplot denotes the estimated RR of PTB incidence across varying levels of meteorological factors.
The light grey shaded band surrounding the line represents the 95% CI of the estimated effect.
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