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Abstract: Historical districts contain spatial units with markedly different local 
microclimates, yet the temporal dynamics of their thermal-humidity environments 
and their associations with surrounding environmental conditions remain 
insufficiently resolved. This study examined three analytical settings in the Ciqikou 
Historical District, Chongqing: an Alley, the Main Street, and a Square. Using 
daytime multi-variable data collected on 4 August 2026, we integrated the 
temperature-humidity index (THI), an exact bivariate Shapley decomposition, and 
an XGBoost-SHAP framework to characterize thermal-humidity states and 
nonlinear environmental associations. Main Street and Square data were obtained 
from valid field measurements. Because the original Alley observations were lost 
owing to equipment failure, a stochastic reconstruction was generated within 
contemporaneous observational ranges and alley-specific environmental 
constraints; Alley results are therefore used only for exploratory comparison. Mean 
air temperature and THI were highest on Main Street (32.81 °C and 28.46 °C), 
followed by the Square (32.01 °C and 28.04 °C); the reconstructed Alley series 
yielded 31.16 °C and 27.73 °C, respectively. Exact Shapley decomposition showed 
that temperature accounted for 71.70–74.20% of the absolute contribution across 
the three analytical series, while the directions of the temperature and humidity 
contributions changed over time. These contribution shares depend on a common 
reference derived from both measured and reconstructed series and are not 
estimates based exclusively on field observations. Under grouped blocked cross-
validation, out-of-fold R2 values were 0.80 for Main Street and 0.73 for Square, 
compared with 0.57 for the reconstructed Alley series. SHAP analysis indicated 
setting-specific predictive association structures and nonlinear responses. The high 
importance assigned to atmospheric pressure more plausibly reflects background 
meteorological and temporal covariation within the monitoring window than a direct 
causal effect. Overall, the results reveal pronounced context dependence in historical-
district microclimates and underscore the importance of data provenance, temporal 
dependence, and explicit limits on model interpretation in short-duration field studies.  
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1. Introduction  

Against a background of global warming and increasingly frequent extreme-heat events, the urban thermal 
environment has evolved from a conventional climatological topic into a multidisciplinary issue involving urban 
design, human heat exposure, public-space quality, and climate adaptation [1]. Compared with suburban or natural 
surfaces, highly artificial urban fabrics can substantially reshape local thermal conditions by altering surface 
radiation budgets, heat storage, turbulent exchange, and near-surface ventilation [2]. These effects are far from 
spatially uniform. Relatively small changes in building height, street width, enclosure, orientation, shading, surface 
materials, vegetation, and ventilation can produce contrasting microclimates over distances of only tens of metres 
or less [3]. Consequently, city- or district-scale mean meteorological conditions often fail to represent the thermal 
environment actually experienced at pedestrian level [4]. In dense built environments in particular, research is 
therefore moving beyond broad urban-heat-island identification toward fine-scale diagnosis of streets, alleys, and 
nodal public spaces [5]. 

Historical districts are among the most representative yet complex settings in which this problem occurs [6]. 
Unlike regular modern urban blocks, they typically emerge through long-term incremental development and are 
characterized by high building density, narrow alleys, irregular street networks, continuous façades, and close 
interweaving of open and enclosed spaces [7]. Such morphology may reduce short-wave exposure through self-
shading, but it can also restrict sky view and airflow, thereby limiting sensible-heat removal and nocturnal long-
wave heat loss [8]. More open squares may allow stronger ventilation while simultaneously receiving greater direct 
solar radiation [9]. Main streets, as primary activity corridors, also differ from both narrow alleys and open squares 
in spatial interface, traffic activity, and patterns of use [10]. Thus, even under similar background weather, alleys, 
main streets, and squares may experience substantially different heat-exchange processes and microclimatic 
responses [11]. Treating a historical district as a single thermal unit can therefore obscure localized environments 
that may require targeted intervention [12]. 

This spatial heterogeneity is particularly important for climate-adaptive renewal in heritage environments. 
Thermal adaptation in historical districts is constrained by building conservation, street dimensions, landscape 
integrity, and established spatial functions, which limits the direct transfer of large-scale interventions commonly 
used in modern cities [13]. Additional shading, for example, may reduce radiant exposure but can also alter existing 
airflow pathways in narrow alleys; greater openness may improve air exchange while increasing daytime solar 
gain [14]. The key challenge is therefore not simply to maximize or minimize one environmental variable, but to 
identify which factors are most informative for thermal conditions in different spatial settings and over what 
environmental ranges their relationships change [15]. A simultaneous understanding of spatial context and 
response mechanisms is essential for moving from uniform cooling prescriptions toward fine-grained adaptation 
compatible with heritage conservation. 

Air temperature is widely used to characterize urban thermal environments, but temperature alone cannot 
fully represent joint variations in heat and moisture [16]. Relative humidity modifies the thermal-moisture state of 
air and, together with temperature, contributes to the environmental basis of human thermal perception. Their 
diurnal variations are often inversely coupled: as daytime surface heating intensifies, air temperature generally 
increases while relative humidity decreases. High temperature therefore does not necessarily coincide with high 
humidity, and analysis of a single variable can miss important daytime state transitions. The temperature-humidity 
index (THI) combines temperature and relative humidity in an explicit mathematical form and provides a concise, 
interpretable metric for comparing thermal-humidity conditions among spaces [17]. THI does not, however, 
replace comprehensive human thermal-comfort models that include mean radiant temperature, wind speed, 
clothing, and metabolic rate [18]. Here, THI is used to characterize the joint air-temperature and humidity 
environment of historical spaces rather than to represent physiological heat risk or health outcomes directly [19]. 

Conventional THI analyses commonly stop at index calculation, mean comparisons, or time-series description 
and seldom quantify how strongly temperature and humidity separately contribute to a given THI state. Because THI 
is a nonlinear function of temperature and relative humidity, simple correlations with THI cannot rigorously partition 
their contributions, while one-at-a-time perturbations are sensitive to the selected reference state. An exact bivariate 
Shapley decomposition referenced to a common baseline provides a consistent solution [20]. By considering both 
possible orders in which temperature and humidity can enter the THI function, the deviation of each observation 
from the common reference THI can be decomposed exactly into temperature and humidity components. This 
permits comparison of their overall contribution magnitudes and tracking of directional changes through time, 
providing richer information than a single mean THI for rapidly varying historical-district microclimates. 

Temperature and humidity are the direct mathematical components of THI, but their temporal and spatial 
variability is jointly conditioned by the surrounding microclimate [21]. Solar radiation is a major surface-energy 
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input; wind speed and direction regulate local air exchange and heat transport; and particulate matter, noise, and 
other monitored variables may encode human activity, pollution processes, or local environmental states that co-
vary with time [22]. Complex covariance is also expected among predictors. PM2.5 and PM10, for example, often 
share temporal patterns, while radiation, wind conditions, and background weather may evolve concurrently during 
a monitoring period [23]. Quality control, distributional assessment, and correlation diagnostics are therefore 
essential before predictive driver analysis [24]. Variables with no variation, implausible sensor behaviour, or 
strong redundancy can otherwise add little information while impairing interpretability. 

Linear regression and univariate correlation offer transparent parameter interpretation but are often poorly 
suited to the nonlinear responses, interactions, and potential thresholds characteristic of urban microclimates. 
Environmental associations need not be monotonic: the relationship with thermal conditions may change across 
ranges of wind speed, while increasing solar radiation may correspond to transitions from negative to positive 
model contributions followed by saturation [25]. Tree-based extreme gradient boosting (XGBoost) can learn such 
nonlinear structures without requiring a prespecified functional form [26]. Predictive performance alone, however, 
does not make the resulting model intrinsically interpretable; accuracy metrics and conventional feature 
importance do not indicate the ranges over which a variable raises or lowers the predicted thermal state. 

SHapley Additive exPlanations (SHAP) provides a framework for interpreting such models [27]. SHAP 
decomposes individual predictions into feature-specific contributions with both magnitude and direction. At the 
global scale, mean absolute SHAP values rank predictive importance, while SHAP dependence relationships can 
reveal nonlinear response shapes, sign changes, and candidate turning regions. These properties are particularly 
relevant to historical districts, where the practical questions extend beyond which variable is most important to 
whether important variables differ among spaces, whether the same variable exhibits a consistent response, and 
over what ranges its association with predicted THI changes. Coupling the nonlinear learning capacity of XGBoost 
with local SHAP interpretation therefore provides a pathway from prediction toward interpretable diagnosis of 
complex historical-space microclimates [28]. 

An important caveat is that high SHAP importance is not equivalent to a causal effect [29,30]. A variable 
may carry substantial predictive information because it covaries with monitoring time, background weather, or 
unobserved processes. Small short-term changes in atmospheric pressure, for example, may closely track the 
temporal evolution of background meteorology, while noise may primarily reflect human activity and its temporal 
structure rather than direct heat exchange. Machine-learning analysis must therefore be grounded in rigorous 
quality control, defensible feature screening, and independent model validation, with SHAP values interpreted as 
contributions to model predictions rather than as physical causal strengths [24]. Continuous microclimate records 
also require safeguards against temporal information leakage; blocked out-of-fold validation offers a more 
conservative assessment than random train-test splitting [31]. 

Despite growing attention to thermal conditions in historical districts, three related gaps remain. First, city- 
or district-scale mean states cannot resolve microscale differences among alleys, primary streets, and open nodes. 
Second, temperature, humidity, and composite thermal indices are often described separately, with limited 
quantification of their time-varying contributions to the joint thermal-humidity state. Third, environmental 
analyses often emphasize aggregate correlations or single-variable importance while giving less attention to 
nonlinear responses, spatial context dependence, and the validation constraints inherent in continuous time-series 
observations. An integrated framework connecting thermal-humidity states, component contributions, and 
predictive associations with the external environment is therefore needed. 

Accordingly, this study developed a multilevel framework comprising microclimatic-state identification, THI 
characterization, decomposition of temperature and humidity contributions, environmental-variable screening, and 
interpretation of nonlinear predictive associations. Alley, Main Street, and Square were treated as three analytical 
settings. We first characterized high-temporal-resolution air temperature and relative humidity and calculated THI; 
we then applied exact bivariate Shapley decomposition around a common reference state. Wind speed, wind 
direction, noise, atmospheric pressure, PM2.5, PM10, and total solar radiation were subsequently subjected to quality 
control and distributional and correlation diagnostics. Separate XGBoost models were finally evaluated using 
grouped out-of-fold validation, and TreeSHAP was used to examine predictive importance, contribution direction, 
and nonlinear dependence. Because the original Alley monitoring data were lost through equipment failure, its 
reconstructed series serves only as an exploratory scenario and is not treated as observational evidence equivalent 
to Main Street and Square. 

The study addresses three questions: (1) what thermal-humidity states occurred in contrasting historical 
spaces during this summer daytime monitoring window; (2) how did the temperature and relative-humidity 
contributions to deviations in THI vary through time; and (3) did predictive associations between external 
environmental variables and THI exhibit setting-specific nonlinear structures? The work is explicitly positioned 



Song et al.   Reg. Ecol. Manag. 2026, 1(1), 12 

https://doi.org/10.53941/rem.2026.100012   4 of 24  

as a single-day, high-temporal-resolution exploratory case study intended to establish a framework for subsequent 
repeated multi-day and multi-site testing, rather than to infer universal spatial causal relationships. 

2. Study Area and Field Measurements 

2.1. Study Area and Monitoring-Site Configuration 

The Ciqikou Historical District in Chongqing, China, was selected as the case-study area (Figure 1). 
Functioning as a highly popular heritage tourism destination, the district experiences dense, transient daytime 
pedestrian traffic rather than maintaining a static residential demographic. Its urban morphology is characterized 
by high-density, low-to-mid-rise traditional commercial structures, leaving a predominantly impervious land cover 
dominated by historical stone paving with minimal natural vegetation. Its urban fabric includes narrow alleys, a 
principal pedestrian street, and relatively open public nodes. Based on observed enclosure and openness, the 
analytical settings were classified as Alley, Main Street, and Square. This classification organizes the present 
microclimatic comparison and should not be interpreted as a universal morphological typology quantitatively 
defined by parameters such as sky-view factor, street-canyon aspect ratio, or building height. 

The Alley represents a comparatively enclosed internal lane, the Main Street represents the district’s principal 
linear public-activity space, and the Square represents a relatively open public node. To capture the actual thermal 
environment experienced by pedestrians, all measurements were conducted using a tripod-mounted setup at a 
standard height of approximately 1.5 m above the historical hardscape pavement (e.g., stone slabs). Crucially, 
these settings presented distinct localized radiative exposures during the field campaign. The Main Street functions 
as a historical street canyon flanked by continuous traditional commercial building facades; consequently, the 
sensor was frequently shielded from direct sunlight through dynamic self-shading, resulting in significantly lower 
solar radiation inputs. In contrast, the Square is a relatively unshaded, open public node where the sensor was 
predominantly exposed to direct midday sunlight without overhead obstruction. Their thermal-humidity conditions 
and environmental variables were compared within a common analytical framework, followed by evaluation of 
predictive associations between external environmental indicators and THI. 

 

Figure 1. Study area, monitoring locations, and field measurement equipment: (a) location of Chongqing and the 
study area; (b) Ciqikou historical district and monitoring locations; (c) RS-HSQXZ-USB-1 field measurement 
equipment (Shandong Renke Control Technology Co., Ltd., Jinan, China). 
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2.2. Monitoring Equipment and Indicator Framework 

Field measurements were obtained with an RS-HSQXZ-USB-1 handheld micro-weather station (Shandong 
Renke Control Technology Co., Ltd., Jinan, China; Figure 1). The portable configuration was selected to measure 
pedestrian-level conditions in the constrained spaces of the historical district. It was not intended to provide 
observations equivalent to those from a reference meteorological station. The measurement ranges and nominal 
accuracies reported below are manufacturer specifications and do not, by themselves, establish accuracy under the 
field conditions of this campaign. Variables used in the thermal-humidity assessment and subsequent predictive 
analysis included air temperature, relative humidity, wind speed, wind direction, noise level, atmospheric pressure, 
PM2.5, PM10, and total solar radiation. Air temperature and relative humidity were used to calculate THI and for 
exact bivariate Shapley decomposition; wind conditions, noise, pressure, particulate matter, and solar radiation 
formed the candidate external variables for the XGBoost-SHAP analysis. 

Wind direction is a circular variable and was therefore treated using circular statistics for descriptive analysis 
and transformed into sine and cosine components for XGBoost modelling [32]. Temperature and relative humidity 
were excluded from the XGBoost predictor set because THI is calculated directly from them; reintroducing them 
as predictors would create deterministic information leakage and obscure the predictive information carried by 
external environmental variables. 

According to the instrument specifications, air temperature has a measurement range of −40 to 80 °C and a 
nominal accuracy of ±0.5 °C at 25 °C; relative humidity has a range of 0–99% RH and a nominal accuracy of ±3% 
RH at 60% RH and 25 °C. The wind-speed and wind-direction ranges are 0–40 m s−1 and 0–359°, respectively. 
Atmospheric pressure is measured over 0–120 kPa with a nominal accuracy of ±0.15 kPa at 25 °C and 101 kPa. 
The noise range is 30–120 dB; PM2.5 and PM10 each span 0–1000 μg m−3; and total solar radiation spans 0–1800 
W m−2 with a nominal accuracy of no more than ±3% at 150 W m−2. 

2.3. Field Data Acquisition, Data Provenance, and Quality Control 

Field data were collected during daytime on 4 August 2026, covering approximately 08:48–15:01 local time 
at intervals of about 5 min. 

The campaign was designed as a short-duration, exploratory field survey. Measurements at Main Street and 
Square covered approximately the same daytime window, which limited between-day weather differences in the 
site comparison. However, this observational design did not control solar exposure, local activity, or other time-
varying influences and should not be interpreted as a controlled experiment. The findings describe conditions 
during the sampled window; the representativeness of this day within the local summer climate was not established 
through an independent meteorological comparison. 

Main Street and Square each yielded 75 valid field records. The original Alley measurements were unusable 
because of equipment failure. To retain a three-setting exploratory comparison, 75 stochastic records were 
reconstructed within the ranges observed contemporaneously on Main Street and in the Square and under scenario 
constraints representing relatively greater shading, lower wind speed, and higher humidity in an alley. The 
reconstructed Alley series is used only as a methodological scenario. Its assumed shading, ventilation, and humidity 
characteristics cannot be treated as independently observed spatial effects. Comparisons involving this series describe 
the behaviour of the analytical workflow under the reconstruction assumptions and do not establish differences 
between real alleys and the measured sites. Direct observational statements are restricted to Main Street and Square. 
This reconstructed series is not treated as an independent field observation; all Alley statistics, THI decompositions, 
and XGBoost-SHAP results are used solely for methodological demonstration and sensitivity exploration. 

All records were first checked for time format, numerical range, and missing values. Temperature and relative 
humidity were used to calculate THI. Candidate environmental variables were further screened for completeness, 
variability, physical plausibility, and redundancy [24]. Seven classes of environmental indicators were retained for 
the main analysis: wind speed, wind direction, noise, atmospheric pressure, PM2.5, PM10, and total solar radiation. 

Rainfall was zero in every record and was excluded because it contained no variation. The carbon-dioxide 
field exactly duplicated PM2.5 record by record and exhibited values inconsistent with conventional CO2 
concentrations; it was therefore treated as a field-mapping anomaly and excluded. Elevation showed implausible 
drift during the fixed monitoring period and was also omitted. Illuminance was highly redundant with total solar 
radiation; to reduce duplicate information, only total solar radiation, with clearer physical interpretation and 
complete range information, was retained. All exclusions followed predefined quality and redundancy criteria 
rather than the strength of association with THI. 

Quality-controlled data were analysed at three levels: temporal variation in temperature, humidity, and THI; 
exact bivariate Shapley decomposition of THI relative to a common reference state; and distributional, wind-
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direction, and correlation diagnostics for the seven retained external environmental indicators followed by separate 
XGBoost-SHAP models. Because Main Street and Square are measured series whereas Alley is stochastically 
reconstructed, all comparisons involving Alley are interpreted as exploratory. 

3. Materials and Methods 

3.1. Temporal Analysis of Air Temperature and Relative Humidity 

Air-temperature and relative-humidity time series were plotted for the three analytical settings. A common 
y-axis range was used for each variable to allow direct visual comparison among settings. The time axis used 
hourly major ticks and 30-min minor ticks. 

To enhance the information conveyed by the time-series plots, key turning points were identified from local 
extrema. For observation i, a change in the sign of consecutive first differences (from increasing to decreasing or 
vice versa) defined a candidate local extremum. Candidate importance was quantified by the absolute deviation of 
the observation from the mean of its two immediate neighbours: 𝐴௜ = |𝑦௜ − ௬೔షభା௬೔శభଶ |  (1)

where 𝐴௜  is the local amplitude of candidate turning point i and 𝑦௜  is the current observation. The global 
maximum and minimum were retained for every curve, and the remaining local extrema were ranked by decreasing 
local amplitude. To prevent excessive annotation, adjacent labelled points were separated by at least 4 monitoring 
records, with no more than 8 key points labelled in each panel. 

3.2. Temperature-Humidity Index Calculation and Descriptive Analysis 

The temperature-humidity index (THI) was used to represent the combined thermal-humidity state of air 
temperature and relative humidity [33]. THI was calculated as follows: THI = T − (0.55 − 0.0055RH)(T − 14.5)  (2)

where T is air temperature in degrees Celsius and RH is relative humidity entered as a percentage from 0 to 100. 
Before calculation, relative humidity values were checked against the valid 0–100% range; records outside 

this range were treated as invalid. THI was calculated to two decimal places for every valid record. For each 
setting, we summarized the valid sample size, mean temperature, mean relative humidity, and the mean, standard 
deviation, minimum, median, and maximum of THI. THI time series were compared using a common y-axis range, 
and major turning points were identified and annotated using the same procedure applied to the temperature and 
humidity curves. 

3.3. Decomposition of Temperature and Humidity Contributions to THI 

To quantify the contributions of temperature and relative humidity to deviations in THI, an exact bivariate 
Shapley decomposition was applied [20]. The reported decomposition uses a common reference calculated from 
the pooled Main Street, Square, and reconstructed Alley series: T0 = 31.995 °C and RH0 = 60.183%. Because the 
reconstructed series contributes to this reference, the resulting contributions for all three settings are reference-
dependent methodological quantities and are not estimates based exclusively on measured observations. The 
corresponding reference THI was: THI଴ = 𝑓(T଴, RH଴)  (3)

where f(T, RH) denotes the THI function. For any record (T, RH), the temperature contribution ∅୘ was calculated as: ∅୘ = ଵଶ [𝑓(T, RH଴) − 𝑓(T଴, RH଴) + 𝑓(T, RH) − 𝑓(T଴, RH) ]  (4)

The relative-humidity contribution φ_RH was calculated as: ∅ୖୌ = ଵଶ [𝑓(T଴, RH) − 𝑓(T଴, RH଴) + 𝑓(T, RH) − 𝑓(T, RH଴) ]  (5)

This decomposition satisfies the exact additivity relationship: THI − THI଴ = ∅୘ + ∅ୖୌ  (6)

A positive contribution indicates that the corresponding variable shifts THI above the common reference 
state, whereas a negative contribution shifts THI below the reference. To compare the overall contribution 
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magnitudes of the two components, absolute temperature and humidity contributions were calculated and 
converted to relative contribution shares: 𝑃୘ = |∅౐||∅౐|ା|∅౎ౄ| ∗ 100%  (7)

𝑃 ୌ = |∅౎ౄ||∅౐|ା|∅౎ౄ| ∗ 100%  (8)

At the setting level, the overall contribution shares of temperature and humidity were calculated from their 
mean absolute contributions. Numerical closure was evaluated from the residual between each THI anomaly and 
the sum of its two Shapley components. This procedure is an exact bivariate algebraic decomposition of the THI 
equation and is distinct from the machine-learning SHAP analysis subsequently used to interpret XGBoost models. 

3.4. Data Quality Control and Screening of Environmental Predictors 

All candidate environmental variables were screened for completeness, dispersion, physical plausibility, and 
redundancy. Seven environmental indicators were retained: wind speed, wind direction, noise, atmospheric 
pressure, PM2.5, PM10, and total solar radiation. 

Rainfall was zero in all records and was excluded because it lacked variability. The carbon-dioxide field 
duplicated PM2.5 exactly record by record and its numerical range was inconsistent with conventional CO2 
concentrations, indicating a likely instrument field-mapping anomaly; it was therefore excluded. Elevation varied 
markedly over the approximately 6-h period despite fixed monitoring locations and was treated as sensor drift. 
Illuminance was almost perfectly monotonically associated with total solar radiation; to avoid strong redundancy, 
only the physically more explicit total solar radiation variable was retained. 

Temperature and relative humidity were used only to calculate THI and were not included as XGBoost 
predictors. Because THI is directly determined by these two variables, including them as predictors would create 
deterministic information leakage and obscure associations between THI and other environmental variables. 

Wind direction is circular and cannot be treated as an ordinary continuous variable over 0–360° [32]. For 
records with wind speed greater than zero, direction angle θ was transformed into sine and cosine components: 𝑊௦௜௡ = 𝑠𝑖𝑛(𝜃)  (9)𝑊௖௢௦ = 𝑐𝑜𝑠(𝜃)  (10)

For calm records with wind speed equal to zero, wind direction has no well-defined physical meaning and 
both directional components were set to zero. Calm records were excluded from wind-direction distributions and 
circular statistics. 

3.5. Descriptive and Exploratory Statistical Analysis of Environmental Variables 

For wind speed, noise, atmospheric pressure, PM2.5, PM10, and total solar radiation, we calculated sample 
size, mean, standard deviation, coefficient of variation, minimum, 25th percentile, median, 75th percentile, 
maximum, and interquartile range. The coefficient of variation was calculated as: CV = ௦|௫̅| ∗ 100%  (11)

where s is the sample standard deviation and x̄ is the sample mean. The coefficient of variation was not calculated 
when the mean approached 0. 

To describe differences among the three analytical series at matched sequential positions, Friedman tests 
were additionally calculated, followed by pairwise Wilcoxon signed-rank tests with Holm correction for multiple 
comparisons and Kendall’s W as a sequence-level effect-size measure [34]. Each spatial setting, however, was 
represented by only one site and one daytime series, serial observations were temporally autocorrelated, and Alley 
was reconstructed. These tests are therefore treated solely as exploratory sequence-level sensitivity analyses and 
not as inferential tests of population-level differences among spatial types. W = ௑ಷమ௡(௞ିଵ)  (12)

where 𝑋ிଶ is the Friedman test statistic, n is the number of paired records, and k is the number of analytical series. 
For comparisons reaching the nominal significance level, two-sided Wilcoxon signed-rank tests with Holm-
adjusted p values were calculated. These p values describe consistency within the present monitoring sequences 
only and are not treated as confirmatory evidence of spatial-type effects. 
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Wind direction was described using circular statistics, including mean direction, mean resultant length, 
circular variance, and circular standard deviation; calm records were excluded [32]. Valid directions were divided 
into 16 sectors of 22.5° to calculate frequencies. A chi-square contingency test was used only as an exploratory 
description of directional-composition differences among the present series and not to infer general differences 
among historical-space types. 

Spearman rank correlations were also calculated separately within each analytical series among wind speed, 
noise, atmospheric pressure, PM2.5, PM10, total solar radiation, and the sine and cosine components of wind 
direction. These coefficients were used to diagnose covariance structure and potential redundancy. Given serial 
autocorrelation, they describe covariation rather than causal relationships or significance under an independent-
sample assumption. 

3.6. XGBoost Predictive Modelling and Grouped Blocked Validation 

Separate XGBoost regression models were fitted for Alley, Main Street, and Square to characterize nonlinear 
predictive associations between external environmental indicators and THI [26]. THI was the response variable. 
Inputs comprised wind speed, sine and cosine components of wind direction, noise, atmospheric pressure, PM2.5, 
PM10, and total solar radiation: eight numerical features representing seven conceptual environmental indicators. 
The three series were modelled independently to avoid averaging setting-specific covariance structures within a 
single model. XGBoost was used as an exploratory tool to describe potentially nonlinear predictive associations. 
Maximum tree depth was restricted to 1–3 during hyperparameter tuning to limit model complexity, although this 
does not eliminate overfitting risk in a small, temporally correlated dataset. 

Models used the squared-error regression objective and the hist tree-building method. To account partly for 
temporal dependence among adjacent approximately 5-min observations, every five consecutive records were 
assigned to one group (approximately 25 min). Group identifiers constrained GroupKFold splits so that records 
from the same short block never appeared simultaneously in training and test sets. This strategy reduces direct 
within-block leakage, but GroupKFold is not strict forward temporal extrapolation and adjacent blocks may remain 
correlated [31,35]. The reported metrics were calculated from outer-fold held-out predictions and describe grouped 
out-of-fold performance within the sampled monitoring window. However, training sets may contain observations 
later than those in a test block, and neighbouring blocks may remain correlated. These metrics therefore do not 
establish forecasting performance for future periods or independent days and may be optimistic when interpreted 
as temporal generalization. Performance therefore represents grouped out-of-fold predictability within the 
monitoring window. 

Predictive performance was evaluated using nested grouped cross-validation [36]. The outer loop used five-
fold GroupKFold to generate out-of-fold predictions. Within each outer training set, a four-fold GroupKFold 
randomized hyperparameter search sampled 24 parameter combinations and selected the combination with the 
lowest validation RMSE. For final interpretation, a model was refitted to all valid records after parameter selection 
from at least 32 random combinations using five-fold grouped cross-validation. All stochastic procedures used the 
fixed random seed 20260805 to improve reproducibility. 

The search space comprised 80, 120, 180, 250, or 350 trees; learning rates of 0.015, 0.03, 0.05, or 0.08; 
maximum tree depths of 1, 2, or 3; minimum child weights of 3, 5, 8, or 12; subsampling ratios of 0.65, 0.80, or 
1.00; feature-subsampling ratios of 0.65, 0.80, or 1.00; L1 regularization coefficients of 0, 0.05, 0.20, or 0.50; L2 
regularization coefficients of 1, 3, 8, or 15; and minimum loss-reduction thresholds of 0, 0.02, or 0.08. The final 
model for each setting was then refitted to all records using the parameter combination selected from at least 32 
random combinations under five-fold grouped cross-validation. 

Model performance was evaluated from out-of-fold predictions generated by the outer cross-validation loop 
using the coefficient of determination (R2), root-mean-square error (RMSE), and mean absolute error (MAE): 𝑅ଶ = 1 − ∑ (௬೔ି௬ො೔)మ೙೔సభ∑ (௬೔ି௬ത)మ೙೔సభ   (13)

RMSE = ටଵ௡∑ (𝑦௜ − 𝑦ො௜)ଶ௡௜ୀଵ   (14)

MAE = ଵ௡ ∑ |𝑦௜ − 𝑦ො௜|௡௜ୀଵ   (15)

where 𝑦௜ and 𝑦ො௜ are, respectively, the observed and out-of-fold predicted THI for record i, ȳ is the mean observed 
THI, and n is the number of valid records. Model diagnostics additionally examined agreement between observed 
and out-of-fold predicted values and the distribution of residuals across predicted values. 
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3.7. Model Interpretation Using TreeSHAP 

TreeSHAP was used to interpret the final XGBoost model for each analytical series [37]. SHAP values were 
obtained from the final model refitted to all valid records after grouped cross-validation and parameter selection; 
they therefore explain predictive structure within the observed/reconstructed sample domain and are not out-of-
fold causal effects. For record i, the model prediction can be written as the baseline output plus the sum of feature-
specific SHAP values: 𝑦ො௜ = ∅଴ + ∑ ∅௜௝௣௝ୀଵ   (16)

where 𝑦ො௜ is the model-predicted THI, ∅଴ is the model baseline output, ∅௜௝ is the contribution of feature j to the 
prediction for record i, and p is the number of model input features. A positive SHAP value indicates that the 
variable increases the model-predicted THI, whereas a negative SHAP value indicates a decrease in predicted THI. 

Overall importance for each environmental indicator was quantified as the sample mean of the absolute 
SHAP values: 𝐼௝ = ଵ௡ ∑ |∅௜௝|௡௜ୀଵ   (17)

Mean absolute SHAP values were further normalized to relative importance shares. The record-level SHAP 
values for the sine and cosine components of wind direction were summed and recombined as the conceptual 
indicator ‘Wind direction’. The sign of a SHAP value indicates whether a variable shifts predicted THI above or 
below the model baseline; it does not represent a physical causal effect on observed THI. 𝑆௝ = ூೕ∑ ூೖ೘ೖసభ ∗ 100%  (18)

where 𝐼௝ is the mean absolute SHAP value for indicator j, 𝑆௝ is its relative importance share, and m is the number 
of conceptual environmental indicators. Record-level SHAP values for the sine and cosine components of wind 
direction were summed and recombined as the conceptual indicator ‘Wind direction’. 

3.8. SHAP Dependence Relationships and Visualization of Nonlinear Responses 

To visualize nonlinear relationships between environmental values and SHAP contributions, a SHAP 
dependence scatterplot was produced for each conceptual indicator and locally smoothed using LOWESS [38]. 
The smoothing fraction was 0.42 for ordinary continuous variables. Wind direction was periodically extended over 
360° before circular smoothing with a fraction of 0.28. A 2.5–97.5% envelope was obtained from 120 bootstrap 
resamples, and extrema and regions of marked curvature in the smoothed curve were annotated [39]. Because the 
observations are temporally autocorrelated and the sample size is limited, this envelope is used only as a visual 
uncertainty band, and annotated points are descriptive features of the fitted response rather than physical thresholds 
confirmed by independent statistical testing [40]. 

4. Results 

Unless otherwise stated, results for Main Street and Square are based on field measurements, whereas Alley 
results are based on the stochastic series reconstructed after equipment failure. Alley is therefore used only for 
exploratory scenario comparison and not as independent observational evidence equivalent to the two measured sites. 

4.1. Temporal Patterns of Temperature and Relative Humidity 

All three analytical series showed an overall warming and drying tendency during the monitoring window, 
although their levels and short-term fluctuations differed (Figure 2). Mean measured air temperature was 32.81 °C 
on Main Street and 32.01 °C in the Square, while mean relative humidity was 57.62% and 59.65%, respectively. 
The reconstructed Alley series had a mean temperature of 31.16 °C and mean relative humidity of 63.28%; these 
values are included only for exploratory comparison. 

Air temperature in the reconstructed Alley series increased overall from 27.5 °C at 08:50, with short-term 
fluctuations, and reached a series maximum of 35.5 °C at 14:38 (Figure 2a), giving a range of 27.5–35.5 °C. 
Relative humidity declined overall from 74.3% at the start of the reconstructed series to a minimum of 49.6% at 
14:48, before recovering to 53.9% at the end (Figure 2d). These changes describe the temporal structure of the 
reconstructed scenario rather than actual Alley observations. 

Measured Main Street air temperature increased overall from 28.9 °C at 08:48 to 38.0 °C at 14:41 and 
subsequently decreased to 36.1 °C (Figure 2b). Relative humidity declined overall from 69.7% to 42.4% at 14:41 
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and then recovered to 48.0% (Figure 2e). The measured ranges were 28.9–38.0 °C for temperature and 42.4–69.7% 
for relative humidity. 

The measured Square series also showed overall warming and drying but more frequent short-term fluctuations 
(Figure 2c,f). Air temperature began at 28.0 °C at 08:52, fell to 27.6 °C at 09:52, then increased overall to 36.0 °C at 
14:40 and ended at 34.1 °C. Relative humidity reached 73.5% at 09:52, subsequently declined overall to 47.6% at 
14:50, and ended at 54.3%. Mean Square temperature and relative humidity were 32.01 °C and 59.65%, respectively. 

Within this monitoring window, both measured series showed overall warming and drying, with more 
frequent short-term fluctuations in the Square. The reconstructed Alley series was configured as a relatively cooler 
and more humid alley scenario; consequently, differences between it and the measured series cannot be used to 
validate a real Alley spatial effect (Figure 2). 

 

Figure 2. Temporal variations in air temperature and relative humidity across three analytical scenarios: (a–c) air 
temperature in the reconstructed Alley scenario, observed Main Street, and observed Square, respectively; (d–f) 
relative humidity in the corresponding scenarios. 

4.2. Temporal Variation in THI 

THI increased overall in all three analytical series during the monitoring window (Figure 3). Mean measured 
THI was 28.46 °C on Main Street and 28.04 °C in the Square; the reconstructed Alley series averaged 27.73 °C. THI 
standard deviations were approximately 1.07–1.11 °C across the three series, indicating substantial temporal variation 
within the monitoring window, although Alley values are not used for confirmatory inference of spatial differences. 

 

Figure 3. Temporal variations in the temperature–humidity index (THI) across three analytical scenarios: (a) 
reconstructed Alley scenario, (b) observed Main Street, and (c) observed Square. 
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THI in the reconstructed Alley series increased overall through time (Figure 3a), from 25.66 °C initially to a 
series minimum of 25.65 °C at 09:35 and a maximum of 29.78 °C at 14:38, ending at 29.43 °C; the median was 
27.99 °C. These values describe only the reconstructed scenario. 

Measured Main Street THI increased overall from 26.50 °C at 08:48 to 30.56 °C at 14:41 and subsequently 
fell to 29.92 °C at the end of the series (Figure 3b). The mean and median were 28.46 °C and 28.37 °C, respectively. 

Measured Square THI increased overall with more frequent short-term fluctuations (Figure 3c). It began at 
25.95 °C, decreased to 25.69 °C at 09:52, reached 29.85 °C at 14:40, and ended at 29.17 °C; the mean and median 
were 28.04 °C and 28.35 °C. Main Street exhibited the higher mean and peak THI of the two measured settings. 

4.3. Contributions of Temperature and Relative Humidity to THI 

The common reference state constructed from all three analytical series was 31.995 °C for air temperature 
and 60.183% for relative humidity, corresponding to a reference THI of 28.163 °C. Exact bivariate Shapley 
decomposition showed that temperature had a larger contribution magnitude than relative humidity in all three 
series under this reference definition and data range (Figure 4a,b). Because the common reference includes the 
reconstructed Alley series, these values are relative contributions within the present analytical framework rather 
than universal weights estimated solely from independent field observations. 

 

Figure 4. Shapley decomposition of temperature and relative humidity contributions to the temperature–humidity 
index (THI) across three analytical scenarios: (a) mean absolute contributions; (b) relative contribution shares; (c) 
temporal temperature contribution; and (d) temporal relative-humidity contribution. Alley represents a 
reconstructed exploratory scenario. 

Mean absolute temperature contributions were 1.472, 1.455, and 1.511 °C for Alley, Main Street, and Square, 
respectively, compared with relative-humidity contributions of 0.512, 0.553, and 0.596 °C (Figure 4a). After 
normalization, temperature accounted for 74.20%, 72.46%, and 71.70%, and relative humidity for 25.80%, 
27.54%, and 28.30%, respectively (Figure 4b). Thus, absolute THI deviations were dominated by the temperature 
component under the present THI formulation and common reference; Alley remains a reconstructed scenario. 

The time-resolved Shapley decomposition further revealed systematic changes in contribution direction 
through the monitoring period (Figure 4c,d). Early in the period, temperature contributions were negative in all 
three series while relative-humidity contributions were predominantly positive. As daytime temperature increased 
and relative humidity declined, temperature contributions generally crossed from negative to positive and 
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strengthened, whereas humidity contributions decreased and became negative, producing opposite contribution 
patterns between the early and late monitoring periods. 

In the reconstructed Alley series, the temperature contribution was lowest at −3.685 °C at 08:50, then 
increased overall to a maximum of 2.644 °C at 14:38 (Figure 4c). Conversely, the humidity contribution declined 
from a maximum of 1.184 °C at 08:50 to a minimum of −1.117 °C at 14:48 (Figure 4d). Mean signed contributions 
over the full series were −0.691 °C for temperature and 0.256 °C for humidity. 

Main Street exhibited the strongest late-period positive temperature contribution. It rose from −2.498 °C at 
08:48 to 4.397 °C at 14:41, the largest positive temperature contribution among the three analytical series. Over 
the same period, humidity contribution declined from an early maximum of 0.835 °C to −2.005 °C at 14:41, the 
largest negative humidity contribution observed (Figure 4c,d). Mean signed contributions over the monitoring 
period were 0.594 °C for temperature and −0.292 °C for humidity. 

Square contributions showed greater short-term fluctuation. The temperature contribution reached a 
minimum of −3.593 °C at 09:52 and subsequently increased overall to a maximum of 2.994 °C at 14:40. The 
humidity contribution peaked at 1.120 °C at 09:52 and then declined overall to a minimum of −1.339 °C at 14:50 
(Figure 4c,d). Mean signed contributions were −0.034 °C for temperature and −0.094 °C for humidity. Overall, all 
three analytical series showed temperature-dominated absolute contributions with a daytime reversal in 
contribution direction, while the Alley decomposition describes only the reconstructed scenario. 

4.4. Environmental Characteristics of the Three Analytical Settings 

Environmental indicators other than temperature and humidity also differed in distribution among the three 
analytical series (Figure 5). Median measured wind speed and noise were 1.00 m s−1 and 76.8 dB on Main Street and 
0.70 m s−1 and 68.6 dB in the Square. Median measured PM2.5 was 22 and 8 μg m−3, and PM10 was 30 and 16 μg m−3, 
respectively. Median total solar radiation was 396 W m−2 in the Square, compared with 129 W m−2 on Main Street. 
In the reconstructed Alley series, the corresponding medians for wind speed, noise, PM2.5, PM10, and solar radiation 
were 0.40 m s−1, 73.3 dB, 17 μg m−3, 25 μg m−3, and 127 W m−2. Given the single-site, single-day design and the 
provenance of the Alley series, between-setting tests are treated only as exploratory sequence-level sensitivity 
analyses; their p values are not used to infer population-level differences among historical-space types. 

 

Figure 5. Distributions of environmental variables across three analytical scenarios: (a) wind speed, (b) noise, (c) 
atmospheric pressure, (d) PM2.5, (e) PM10, and (f) solar radiation. Alley represents a reconstructed exploratory scenario. 

Wind-direction composition differed among the three analytical series (Figure 6). After calm records were 
excluded, 67, 69, and 49 valid direction records remained for Alley, Main Street, and Square, respectively. The 
reconstructed Alley series was concentrated in the 292.5–315.0° sector (34.33%), with a circular mean of 305.45°. 
Measured Main Street directions were dominated by 270.0–292.5° (60.87%), with a circular mean of 284.61°, 
whereas measured Square directions were concentrated at 337.5–360.0° (61.22%), with a circular mean of 359.60°. 
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Mean resultant lengths were 0.891, 0.954, and 0.552, respectively. These results describe directional structure in 
the present series and are not treated as a replicated test of general wind-direction differences among spatial types. 

 

Figure 6. Wind-direction distributions across three analytical scenarios. Wind roses show the frequency of 16 
wind-direction sectors for (a) the reconstructed Alley scenario, (b) observed Main Street, and (c) observed Square. 

Spearman correlation structure among environmental variables also varied across analytical series (Figure 7). 
PM2.5–PM10 correlations were 0.808, 0.849, and 0.615 for Alley, Main Street, and Square, respectively. On Main Street, 
wind speed correlated with noise at ρ = 0.528 and total solar radiation with atmospheric pressure at ρ = −0.488. In the 
Square, atmospheric pressure correlated with PM2.5 at ρ = 0.700 and noise with PM2.5 at ρ = −0.475. In the reconstructed 
Alley series, noise and atmospheric pressure correlated at ρ = −0.455. Given serial autocorrelation and the provenance 
of Alley, these coefficients are used only to diagnose covariance structure and not to infer causal relationships. 

 

Figure 7. Spearman correlation structures among environmental predictors across three analytical scenarios. 
Correlation matrices are shown for (a) the reconstructed Alley scenario, (b) observed Main Street, and (c) observed 
Square; coefficients are used descriptively to diagnose covariance structure. 

4.5. Predictive Associations with THI Across Analytical Settings 

Grouped out-of-fold validation based on consecutive-record blocks yielded XGBoost R2 values of 0.80 and 
0.73 for the measured Main Street and Square series, respectively, with RMSE values of 0.47 and 0.58 and MAE 
values of 0.38 and 0.47 (Figure S1). The reconstructed Alley model yielded R2 = 0.57, RMSE = 0.73, and MAE = 
0.56; these metrics quantify fit and grouped out-of-fold prediction within the reconstructed scenario and do not 
validate generalization to a real Alley. Residuals from all three models occurred on both sides of zero. Because 
GroupKFold is not strict forward extrapolation, these metrics represent grouped out-of-fold predictability within 
the monitoring window [35]. 

SHAP analysis subsequently showed that the models relied on different predictive association structures 
across settings (Figures 8–13). Atmospheric pressure accounted for 38.2%, 55.3%, and 47.4% of relative 
importance in the Alley, Main Street, and Square models, respectively. The second-ranked predictor was noise in 
Alley (22.0%) and total solar radiation in Main Street and Square (14.6% and 27.5%). These percentages represent 
mean absolute SHAP contributions in the final XGBoost models and do not imply physical causal effects of equal 
magnitude [29]. Alley results remain exploratory features of the reconstructed scenario. 



Song et al.   Reg. Ecol. Manag. 2026, 1(1), 12 

https://doi.org/10.53941/rem.2026.100012   14 of 24  

 

Figure 8. XGBoost–SHAP predictor importance for THI in the reconstructed Alley scenario: (a) global driver 
importance based on mean absolute SHAP values and relative SHAP contribution shares; (b) SHAP summary plot 
showing the magnitude and direction of feature contributions. 

 

Figure 9. SHAP dependence patterns of environmental predictors in the reconstructed Alley scenario: (a) wind 
speed; (b) wind direction; (c) noise; (d) atmospheric pressure; (e) PM2.5; (f) PM10; and (g) total solar radiation. 
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Figure 10. XGBoost–SHAP predictor importance for THI on Main Street: (a) global driver importance based on 
mean absolute SHAP values and relative SHAP contribution shares; (b) SHAP summary plot showing the 
magnitude and direction of feature contributions. 

 

Figure 11. SHAP dependence patterns of environmental predictors in the Main Street: (a) wind speed; (b) wind 
direction; (c) noise; (d) atmospheric pressure; (e) PM2.5; (f) PM10; and (g) total solar radiation. 
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Figure 12. XGBoost–SHAP predictor importance for THI in the Square: (a) global driver importance based on 
mean absolute SHAP values and relative SHAP contribution shares; (b) SHAP summary plot showing the 
magnitude and direction of feature contributions. 

 

Figure 13. SHAP dependence patterns of environmental predictors in the Square: (a) wind speed; (b) wind 
direction; (c) noise; (d) atmospheric pressure; (e) PM2.5; (f) PM10; and (g) total solar radiation. 
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4.5.1. Predictive Associations with THI in the Reconstructed Alley Scenario 

The grouped out-of-fold performance of the reconstructed Alley model was R2 = 0.57, RMSE = 0.73, and 
MAE = 0.56 (Figure S1a,b). In the final model, atmospheric pressure had a mean absolute SHAP value of 0.524 
and accounted for 38.2% of total importance; noise and total solar radiation contributed 0.302 (22.0%) and 0.290 
(21.1%), respectively. PM10, PM2.5, wind direction, and wind speed accounted for 5.7%, 5.2%, 5.0%, and 2.8%, 
respectively (Figure 8a). These results describe only the model structure of reconstructed data and are not field 
evidence of causal drivers in a real Alley. 

SHAP dependence relationships for the reconstructed Alley series showed nonlinear model responses (Figure 9). 
The smoothed pressure contribution declined from approximately +0.86 at 98.3 kPa to +0.30 at 98.4 kPa and became 
negative near 98.5–98.6 kPa (Figure 9d). The noise contribution increased from −0.38 at 60.6 dB to +0.38 at 77.7 dB 
(Figure 9c). For total solar radiation, the contribution rose from −0.50 at 37 W m−2 to +0.10 at 119 W m−2, reached 
approximately +0.30 near 216 W m−2, and then levelled off (Figure 9g). Annotated points describe LOWESS curve 
geometry and are not interpreted as independently confirmed thresholds [40]. 

Other variables exhibited smaller SHAP response amplitudes. For wind speeds of 0.2–1.2 m s−1, annotated 
SHAP values ranged from −0.09 to +0.04 (Figure 9a). Wind-direction contribution increased from −0.25 at 240° 
to +0.04 and +0.06 at 308° and 334°, respectively (Figure 9b). PM2.5 showed weakly negative contributions around 
18–20 μg m−3 but +0.20 at the high-end value of 34 μg m−3 (Figure 9e); PM10 contributions were likewise small 
(Figure 9f). Overall, pressure, noise, and total solar radiation carried most of the predictive importance within the 
reconstructed Alley model. 

4.5.2. Predictive Associations with THI on Main Street 

The Main Street model achieved the highest grouped out-of-fold performance among the three models (R2 = 
0.80, RMSE = 0.47, MAE = 0.38; Figure S1c,d). Atmospheric pressure had a mean absolute SHAP value of 0.629 
and accounted for 55.3% of total importance (Figure 10a). Total solar radiation and wind speed contributed 0.166 
(14.6%) and 0.158 (13.9%), respectively; wind direction contributed 0.104 (9.2%), noise 0.058 (5.1%), PM10 0.016 
(1.4%), and PM2.5 0.007 (0.6%). This ranking describes predictive information within the model rather than 
physical causal strength. 

The dependence relationship for atmospheric pressure showed a marked negative nonlinear response (Figure 11d). 
Values of 98.2 and 98.3 kPa corresponded to relatively high positive SHAP contributions; the contribution 
declined to +0.03 at 98.4 kPa and to −0.71 at 98.5 kPa. Total solar radiation shifted primarily from negative to 
positive contribution: SHAP values were −0.19 at 60 W m−2 and −0.04 at 146 W m−2, but +0.36 at 226 W m−2 and 
remained generally positive thereafter (Figure 11g). Wind speed also showed a directional transition, from −0.29 
at 0.5 m s−1 to +0.14 and +0.16 at 1.0 and 1.2 m s−1, respectively (Figure 11a). 

Responses of the remaining variables were weaker. Noise contribution approached zero from −0.11 at 59.7 
dB and became slightly positive at higher levels (Figure 11c), whereas PM2.5 and PM10 SHAP responses remained 
largely centred near zero (Figure 11e,f). The final Main Street model therefore relied primarily on predictive 
information carried by atmospheric pressure, total solar radiation, and the wind environment; the importance of 
pressure should be interpreted cautiously because of its potential role as a temporal proxy. 

4.5.3. Predictive Associations with THI in the Square 

The Square model yielded grouped out-of-fold R2 = 0.73, RMSE = 0.58, and MAE = 0.47 (Figure S1e,f). 
Atmospheric pressure had a mean absolute SHAP value of 0.629 and accounted for 47.4% of importance; total 
solar radiation contributed 0.365 (27.5%), wind direction 0.134 (10.1%), PM2.5 0.088 (6.7%), wind speed 0.064 
(4.8%), noise 2.8%, and PM10 0.8% (Figure 12a). Pressure and total solar radiation together accounted for 74.9%, 
reflecting concentration of predictive information in the final model rather than their causal contributions. 

SHAP dependence relationships showed a strong negative pressure response in the Square: contribution 
declined from approximately +0.92 at 98.2 kPa to +0.81 at 98.3 kPa and +0.51 at 98.4 kPa, becoming −0.39 at 
98.5 kPa (Figure 13d). Total solar radiation showed a pronounced nonlinear positive transition. A value of 127 W m−2 
corresponded to a strongly negative SHAP contribution and 248 W m−2 to −0.19, after which the contribution 
generally increased with radiation and reached +0.49 at 976 W m−2 (Figure 13g). This comparatively large SHAP 
range is consistent with the 27.5% overall importance of total solar radiation in the final model. 

Wind and particulate-matter responses in the Square also differed. Wind-speed contribution declined from 
+0.05 at 0 m s−1 and +0.03 at 0.9 m s−1 to −0.17 at 2.1 m s−1 (Figure 13a). Wind direction contributed −0.18 at 
150° and became positive around 313–328° (Figure 13b). PM2.5 shifted generally from positive to negative with 
increasing concentration and reached −0.21 at 20 μg m−3 (Figure 13e), whereas PM10 remained close to zero 
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throughout (Figure 13f). These relationships describe final-model responses and do not establish direct thermal 
effects of wind or particulate matter. 

5. Discussion 

5.1. Contrasting Daytime Thermal-Humidity States Across Historical-Space Settings 

The daytime observations revealed different thermal-humidity states on Main Street and in the Square despite 
broadly similar background-weather periods. Measured mean air temperature and relative humidity were 32.81 °C 
and 57.62% on Main Street, compared with 32.01 °C and 59.65% in the Square. The reconstructed Alley scenario 
was cooler and more humid. Because sky-view factor, street-canyon aspect ratio, building height, and surface 
thermal properties were not measured directly, these contrasts may be associated with local spatial conditions but 
cannot demonstrate causal effects of specific morphological parameters [41]. 

The contrast between Main Street and Square is particularly informative. Median total solar radiation was 
396 W m−2 in the Square, substantially higher than the 129 W m−2 measured on Main Street, yet neither mean air 
temperature nor THI was higher in the Square. Thus, within this observation window, greater incident radiation 
did not correspond one-to-one with the highest near-surface air temperature [42]. Open space may combine 
stronger radiant exposure with different air-exchange conditions [43], while street environments are additionally 
influenced by heat storage, shading, activity intensity, and ventilation pathways [44]. Because these processes 
were not measured independently, they are treated here as testable mechanistic hypotheses rather than 
demonstrated explanations. 

Measured differences in the wind environment further indicate that the local background was not identical 
between settings [45]. Median wind speed was 1.00 m s−1 on Main Street and its wind directions were relatively 
concentrated, whereas directions in the Square were more dispersed. The reconstructed Alley scenario was 
intentionally assigned lower-wind characteristics and therefore cannot independently validate the field proposition 
that narrow alleys are less ventilated [46]. This morphological hypothesis requires repeated monitoring at multiple 
real Alley sites. 

Spatial differences in noise and particulate matter are more plausibly interpreted as differences in 
environmental context than as direct thermal forcing. Median measured noise, PM2.5, and PM10 were all higher on 
Main Street than in the Square. Such variables may encode human activity, pollution sources, and temporal 
structure simultaneously; even when they carry predictive information in XGBoost-SHAP, they should not be 
described directly as physical causes of THI variation [29]. 

5.2. THI Deviations Were Dominated by Temperature, Whereas Humidity Contributions Were Time-Dependent 

THI compresses joint variation in air temperature and relative humidity into a single thermal-humidity metric [16]. 
In the measured series, mean THI was 28.46 °C on Main Street and reached a monitoring-window maximum of 
30.56 °C, whereas the Square averaged 28.04 °C; the reconstructed Alley scenario averaged 27.73 °C. Exact 
Shapley decomposition shows that interpretation of THI should move beyond absolute temperature and humidity 
values to consider the direction and magnitude of their contributions relative to a common reference state [20]. 

Within the present reference state and data range, mean absolute temperature contribution shares were 
74.20%, 72.46%, and 71.70% for Alley, Main Street, and Square, compared with 25.80%, 27.54%, and 28.30% 
for relative humidity. Under the present THI equation and reference definition, temperature variation therefore 
generated the larger share of THI deviation. However, Alley is reconstructed and the reference state was calculated 
jointly from all three series, so these proportions cannot be interpreted as universal physiological weights derived 
from independent field observations. 

The temporal decomposition showed that neither contribution was constant. Early in the monitoring period, 
temperature was generally below the common reference and therefore contributed negatively to THI, while higher 
relative humidity contributed positively. As daytime temperature rose and relative humidity declined, the 
temperature contribution became positive and the humidity contribution shifted toward negative values. Main 
Street showed the strongest late-period contrast at 14:41, when temperature and humidity contributions reached 
4.397 °C and −2.005 °C, respectively. 

Humidity is therefore not an invariant positive term in this THI formulation; its sign depends on the 
simultaneous temperature-humidity state and the common reference. Lower afternoon humidity can algebraically 
offset part of the THI increase associated with warming. This ‘offset’ refers strictly to the mathematical 
decomposition of the THI equation and does not imply that lower humidity has an equivalent effect across all 
human thermal-comfort or health contexts [47]. 
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Accordingly, the approximately 72–74% temperature share is specific to the monitoring window, THI 
formulation, and chosen reference state and should not be generalized as a physiological weighting of temperature 
versus humidity. Studies aimed at human thermal comfort should additionally incorporate mean radiant 
temperature, wind speed, clothing, and metabolic rate and apply more comprehensive comfort indices [19,48]. 

5.3. XGBoost-SHAP Revealed Setting-Specific Nonlinear Predictive Associations 

Grouped blocked out-of-fold validation yielded R2 values of 0.80 and 0.73 and RMSE values of 0.47 and 
0.58 for the measured Main Street and Square models, respectively; the reconstructed Alley scenario yielded R2 = 
0.57 and RMSE = 0.73. Residuals were distributed on both sides of zero, but these metrics should not be interpreted 
as fully independent temporal generalization. GroupKFold prevents records within the same approximately 25-
min block from appearing simultaneously in training and test sets, yet it is not strict forward temporal validation 
and adjacent blocks may remain correlated [35]. In particular, Alley performance reflects only predictability 
internal to the reconstructed data. 

Atmospheric pressure received high SHAP importance in all three final models, accounting for 38.2%, 
55.3%, and 47.4% in Alley, Main Street, and Square, respectively, and dependence curves generally decreased 
with increasing pressure. This result requires particular caution. Pressure varied over an extremely narrow and 
discrete range during the approximately 6-h monitoring period and may therefore encode both background 
meteorology and temporal progression. Its high SHAP importance is better interpreted as that of an informative 
proxy than as evidence that small pressure changes directly dominated THI [29]. 

This distinction illustrates the fundamental difference between machine-learning importance and causal effect. 
SHAP quantifies how variables modify model predictions under the covariance structure of the present data and fitted 
model; it does not establish counterfactual causal relationships [30]. Moreover, the SHAP values analysed here were 
obtained from final models refitted to the full samples rather than independently from each outer test fold. They 
therefore explain the structure of the final models and cannot substitute for out-of-fold effect estimation. 

Beyond pressure, the two measured settings showed different secondary predictive structures [49]. On Main 
Street, total solar radiation and wind speed accounted for 14.6% and 13.9%, respectively, whereas in the Square 
total solar radiation accounted for 27.5% and wind direction for 10.1%. The higher radiation distribution in the 
Square is internally consistent with its larger radiation SHAP importance, but this remains a predictive association 
rather than an independent test of a causal radiation effect. In the reconstructed Alley scenario, noise and total 
solar radiation accounted for 22.0% and 21.1%, respectively, and can only be regarded as exploratory model 
responses to the reconstruction. 

SHAP dependence relationships further suggested nonlinearities and directional transitions [50]. For 
example, the smoothed Main Street wind-speed contribution changed from negative at 0.5 m s−1 to positive at 1.0–
1.2 m s−1, while Square solar radiation shifted from negative contribution at low values toward positive 
contribution at high values. Because environmental variables co-varied with time and both the LOWESS curves 
and bootstrap envelopes were estimated from limited samples, these turning regions should be treated as candidate 
response ranges for future repeated observations rather than established physical thresholds. 

Overall, the evidence more strongly supports the limited conclusion that different spatial settings possess 
different predictive association structures than any universal control of historical-district THI by a single variable. 
The measured Main Street and Square models already differ in their secondary predictor rankings; Alley requires 
genuine repeated field measurements before it can enter a spatial comparison at the same evidential level. 

Atmospheric pressure varied over a narrow range during the monitoring period, and its high SHAP importance 
may partly reflect temporal covariation or measurement-related variability. A model refitted without atmospheric 
pressure was not evaluated in this study. Consequently, the present results do not establish how model performance 
or predictor rankings would change after pressure exclusion. The importance of radiation and wind reported here 
refers only to the fitted models that include pressure and should not be interpreted as evidence from a pressure-
exclusion sensitivity analysis. Such an analysis is needed to assess the robustness of these predictive associations. 

5.4. Implications for Microclimate-Sensitive Adaptation in Historical Districts 

Although the evidence derives from a single-day case study, it provides testable spatial hypotheses for future 
microclimate adaptation in historical districts. Individual spatial units should not be diagnosed solely from a 
district-wide mean thermal environment; their principal radiation exposure, ventilation conditions, and thermal-
humidity states should first be identified [51]. 

For open squares, the combination of higher solar radiation and greater model importance of radiation 
suggests that shading interventions merit priority field testing. Potential measures include tree canopy, reversible 
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lightweight shading, and continuous shaded pedestrian routes, provided that heritage character and existing 
ventilation pathways are protected. This planning implication follows from consistency between variable 
distributions and predictive associations, not from a demonstrated causal intervention effect. 

On Main Street, relatively high mean temperature and THI co-occurred with higher wind speed, indicating 
that ventilation alone cannot be equated with a lower thermal-humidity state. Future intervention assessments 
should jointly consider shading, surface heat storage, continuity of airflow, and human activity. For narrow alleys, 
valid field measurements are currently unavailable; maintaining shade while avoiding obstruction of existing 
airflow can therefore be proposed only as a hypothesis for testing, not as a deterministic design recommendation 
derived from the reconstructed series. 

Methodologically, treating a historical district as a mosaic of microclimatic units rather than a homogeneous 
space can support more targeted field sampling and adaptation assessment. Before these findings are used for 
planning decisions, independent sites within each spatial category and repeated observations across multiple hot 
days are required to test the stability of the reported spatial contrasts and nonlinear responses. 

5.5. Limitations and Boundaries of Interpretation 

First, the field observations cover only approximately six daytime hours on 4 August 2026, with 75 valid 
records at each of the two measured sites. They do not represent a complete diurnal cycle or establish conditions 
across other days, seasons, or weather regimes. Each setting is represented by one measured site, and repeated 
records within a site are not independent spatial replicates. Concurrent sampling limits between-day differences 
but does not eliminate temporal confounding or isolate causal effects of urban morphology. The reported contrasts 
and predictive associations are therefore specific to the sampled sites and monitoring window. Repeated 
monitoring across independent sites and multiple dates is needed to assess their generalizability. 

Second, the original Alley field data were unusable because of equipment failure, and a stochastic 
reconstruction was used to preserve the completeness of the analytical framework. Reconstructed data cannot 
substitute for observations and cannot validate actual Alley microclimate, statistical significance, or model 
generalization. Alley field measurements must be repeated before any confirmatory three-setting comparison. If 
remeasurement is impossible, Alley results should remain explicitly separated from Main Street and Square 
observations as exploratory or sensitivity material. 

Third, temporal dependence may still affect both statistical and machine-learning evaluation. Grouping 
consecutive observations into approximately 25-min blocks before GroupKFold reduces direct leakage within blocks, 
but adjacent blocks may remain correlated and training folds may include blocks occurring after a test block. Out-of-
fold R2, RMSE, and MAE therefore quantify grouped predictability within the present window rather than strict 
forecasting into future time. Friedman, Wilcoxon, Spearman, and wind-direction contingency analyses are similarly 
constrained by serial autocorrelation and the lack of spatial replication and should be interpreted exploratorily. 

Fourth, SHAP dependence relationships describe the predictive structure of final full-sample models rather 
than causal effects, and the ordinary bootstrap envelopes around LOWESS curves do not explicitly preserve 
temporal blocks. Atmospheric pressure, noise, particulate matter, and apparent turning points in dependence curves 
may therefore partly encode temporal progression or unobserved covariates. Future studies should use strict 
forward temporal validation, aggregate SHAP values from outer test folds, and apply block bootstrap methods to 
assess the stability of variable rankings and nonlinear responses. 

Fifth, several candidate indicators were excluded for quality reasons: rainfall had no variation, the carbon-
dioxide field exactly duplicated PM2.5, elevation showed implausible short-term drift, and illuminance was highly 
redundant with total solar radiation. In addition, sky-view factor, street-canyon aspect ratio, building height, 
surface materials, shading fraction, mean radiant temperature, and pedestrian/traffic intensity were not quantified 
concurrently, limiting direct attribution of differences to urban morphology and heat-exchange mechanisms. 
Future work should integrate these morphological and radiative parameters with repeated multi-day, multi-site 
monitoring to distinguish physical mechanisms from temporal proxy variables. 

Future work should evaluate the robustness of the reported associations using stricter temporal validation, 
such as forward-chaining or a contiguous temporal holdout. This is needed to assess sensitivity to temporal 
dependence even when the intended use is exploratory interpretation rather than operational forecasting. 

6. Conclusions 

This study developed an exploratory framework linking temperature-humidity dynamics, THI, exact Shapley 
decomposition, and XGBoost-SHAP interpretation using measured Main Street and Square series and a 
reconstructed Alley scenario in the Ciqikou Historical District, Chongqing. During daytime monitoring on 4 
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August 2026, measured mean air temperature and THI were 32.81 °C and 28.46 °C on Main Street, exceeding the 
corresponding Square values of 32.01 °C and 28.04 °C; the reconstructed Alley scenario yielded 31.16 °C and 
27.73 °C. 

Under the shared reference derived from the measured and reconstructed series, temperature accounted for 
71.70–74.20% of the absolute Shapley contributions, compared with 25.80–28.30% for relative humidity. 
Temperature contributions generally changed from negative early in the monitoring period to positive in the 
afternoon, while humidity contributions changed in the opposite direction. Because the reconstructed Alley series 
contributes to the reference, these proportions are reference-dependent methodological results and are not 
estimates based exclusively on field observations or universal weights for human thermal comfort. 

Under grouped out-of-fold validation, R2 was 0.80 for the measured Main Street model and 0.73 for the 
measured Square model, compared with 0.57 for the reconstructed Alley scenario. SHAP results showed that 
predictor rankings and nonlinear responses differed across settings. Although atmospheric pressure received high 
importance in all three final models, it more plausibly carried information about background meteorology and 
temporal progression during the monitoring window and should not be interpreted as direct causal control. Total 
solar radiation and the wind environment showed more setting-specific predictive contributions across the two 
measured spaces. 

Overall, this study supports an analytical strategy that combines spatial-unit differentiation, time-resolved 
assessment, and interpretable modelling for thermal-environment research in historical districts, while the present 
evidence remains limited to a single-day case and exploratory predictive associations. Generalizable conclusions 
about spatial types will require new field measurements in a real Alley, independent replication across multiple 
sites, dates, and seasons, and concurrent measurement of key physical variables including sky-view factor, street-
canyon geometry, shading, surface materials, and mean radiant temperature. 
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