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atmospheric CO2 concentrations, highlighting the signifi-
cant impact of global development on climate (Hansen et 
al. 1981; Jones et al. 1999; Jouzel et al. 2007; Lüthi et al. 
2008; Milly et al. 2008). Recent studies, however, empha-
size emerging deviations between observed local tempera-
tures and estimated global temperatures (Sutton et al. 2015). 
Over the past few decades, surface temperatures have risen 
notably in urbanized cities worldwide, leading to the phe-
nomenon known as the “urban heat island” (Arnfield 2003; 
Rizwan et al. 2008; Rachma and Lin 2024). The physical 
processes underlying the urban heat island effect and urban 
climate in general have been studied, among others, by 
Nunez and Oke (1977), Oke (1988), Oke et al. (2017), and 
Chen et al. (2021). Although global mean surface air tem-
perature is a critical metric in climatology (Hansen et al. 
2010), it is equally important to investigate the statistical 
relationship between global and local urban temperatures. 
Internal climate variability plays a crucial role in projecting 
climate impacts on regional and local scales (Chen et al. 
2009; Sutton et al. 2015; Al-Sakkaf et al. 2024).

1  Introduction

It is widely recognized that global warming has become an 
undeniable challenge significantly affecting human exis-
tence and global social development (Wu et al. 2016). The 
NASA Goddard Institute for Space Studies (GISS) Surface 
Temperature Analysis (GISTEMP v4) provides Earth and 
space scientists with estimates of global mean surface air 
temperature changes (GISTEMP Team 2021; Lenssen et 
al. 2019). These changes are evaluated relative to the aver-
age temperature during the 1951–1980 base period (GIS-
TEMP Team 2021). Global temperature is closely linked to 
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Beyond deterministic studies of the physical processes 
underlying the urban heat island effect and urban climate, 
statistical analysis of long-term observational records can 
validate or challenge hypotheses derived from modeling 
efforts (De Munck et al. 2013; Salamanca et al. 2014; Sut-
ton et al. 2015; Yu et al. 2021). Such analyses can evalu-
ate the role of local factors in urban heat islands, offering 
insights for mitigating their causes. Urban climatology, in 
fact, may benefit from studies that move beyond process-
based research and simulation modeling toward statistical 
analysis, thereby enhancing the explanatory power avail-
able to urban climatologists. Since a long-term air temper-
ature record is available from the city center of Modena, 
Italy, this study investigates the relationship between local 
and global mean annual air temperatures, with a particular 
focus on significant local deviations from the global mean 
observed over the past two decades. Because the study cen-
ters on these deviations, the global NASA GISTEMP data 
are preferred over the gridded GISTEMP dataset, which 
inherently includes local effects (Lenssen et al. 2024). 
The gridded dataset is available at a resolution of 1° × 1°, 
or roughly 111 km × 111 km. In the study area, it is diffi-
cult, if not impossible, to identify grid cells of this size that 
represent purely urban or purely rural environments. Most 
cells contain a mix of cities, towns, and densely populated 
rural areas. Therefore, this study does not attempt to com-
pare urban and rural temperatures. Rather, it focuses on 
analyzing long-term local temperature records collected 
in an urban setting and comparing them to global tempera-
tures that reflect average conditions across mixed land-use 
regions (Hausfather et al. 2013). This study does not make 
any projections. Instead, it presents a statistical analysis 
of observed local temperatures alongside widely accepted 
GISTEMP global data. The analysis aims to highlight the 
significance of local temperature trends in relation to the 
GISTEMP global series, which is interpreted as a represen-
tation of an underlying global signal. More specifically, it 
addresses the question: How do anthropogenic heat sources 
influence local deviations from the global mean annual air 
temperature in Modena?

The analysis focuses on a long-term dataset (1881–
2021) of mean annual air temperature T, representing local 
temperature, and annual precipitation depth P, a poten-
tially related climatic variable, both observed in Modena. 
These are analyzed alongside data on urban area extent A, 
observed or reconstructed for Modena, as a potential indica-
tor of local development. A projection of global temperature 
for Modena is derived by adding the average temperature 
observed in Modena during the 1951–1980 base period to 
the GISTEMP global surface temperature change (GIS-
TEMP Team 2021; Lenssen et al. 2019). This is a standard 
methodology for estimating absolute temperature time 

series from anomaly data (e.g., Brohan et al. 2006; Hansen 
et al. 2010; Rao et al. 2018). Additionally, global CO2 con-
centration, obtained from ice core records (starting in 1881) 
and Mauna Loa observations (from 1959), is included as a 
variable representative of global development (Etheridge et 
al. 1998; National Oceanic and Atmospheric Administration 
2021). Notable deviations between observed local urban air 
temperatures in Modena and GISTEMP global temperatures 
are evident throughout the analyzed period, with significant 
positive deviations particularly prominent in the last two 
decades. The time series of registered cars M and vehicles V 
in Modena are used to account for a potential human activity 
that may contribute to local temperature variations relative 
to global climate trends. While many studies have estimated 
the impact of vehicle fleets on air quality (e.g., Cardona-
Jiménez et al. 2024; Chauhan and Singh 2020; Gualtieri et 
al. 2020), little attention has been given to the local-level 
impact of vehicles on temperature increases. The statistical 
analysis of local and global mean annual air temperature, 
along with potentially related variables, is conducted to 
detect local deviations from global patterns and to explore 
the combined effects of local and global development on 
urban air temperature.

Possible explanations for the observed deviations are 
explored through an analysis of uninterrupted time series 
for T, P, A, G, and C over the period 1881–2021. In addi-
tion, data on registered cars M and vehicles (V) in Modena 
are available for the years 1986–1998 and 1996–2021. 
While this dataset does not provide a comprehensive global 
perspective on the influence of local and global develop-
ment on urban air temperature, it offers a valuable obser-
vational record of long-term relationships among key local 
and global variables, which are often unavailable in global 
studies due to the scarcity of extended time series. Although 
the relationship between G and global CO2 concentration 
is well established (Trevin 2016; Zittis et al. 2022), under-
standing the impact of climatic variables and local devel-
opment on T remains critical. Assessing the dependence of 
local urban air temperature increases on potential explana-
tory variables is challenging for several reasons. First, for 
annual data, causal directionality between climatic variables 
is unclear. For example, annual temperature may influence 
precipitation depth, and vice versa. Second, interactions 
among development-related variables, such as C and A, 
complicate modeling. Third, shared increasing trends across 
variables can affect linear model outcomes. The compari-
son of linear relationships between original series (which 
exhibit similar temporal trends) and first-differenced series 
(devoid of trends) often reveals spuriousness in linear mod-
els. To address these challenges, regression trees and cubic 
splines are employed to analyze complex nonlinear rela-
tionships among the observed geophysical variables (Hastie 
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and Tibshirani 1986; Breiman et al. 1984; Morgan and Son-
quist 1963). Cubic splines identify the best predictors of T 
among global and local development and environmental 
variables, while regression trees provide insights into poten-
tial nonlinear relationships and interactions among predic-
tors. Additionally, regression trees detect change points in 
multivariate dependence structures. Although methods like 
the Mann–Kendall and Pettitt tests are widely used to iden-
tify change points in univariate climatic series, few studies 
address the detection of multivariate change points (Qian 
et al. 2024). Identifying such changes in the relationships 
between temperature patterns and local/global climatic and 
development variables is crucial for understanding local 
warming mechanisms and improving development planning 
and management. The paper is structured as follows: Sect. 2 
describes the data and methods, Sect. 3 presents the results 
of statistical and order-of-magnitude analyses, Sect. 4 dis-
cusses the findings, and Sect. 5 concludes with recommen-
dations for mitigating local climate change impacts.

2  Data and methods

2.1  Data

The annual time series of local mean air temperature (T) 
and cumulative precipitation depth (P) were obtained 
from uninterrupted daily observations collected since 
1861 and 1830, respectively, at the Osservatorio Geofisico 
di Modena, located inside the city of Modena, Italy (lati-
tude 44°38′53.15″ N, longitude 10°55′47.35″ E, elevation 
76.50 m above sea level (asl)). The Osservatorio Geofisico 
di Modena is situated in the Torre di Levante (eastern tower) 
of the Palazzo Ducale in Modena, Italy. The observatory is 

affiliated with the University of Modena and Reggio Emilia 
and serves as a center for research in meteorology, clima-
tology, and geophysics. It also houses a museum featuring 
historical scientific instruments and documents. The local 
series of air temperature and precipitation depth analyzed in 
this study are particularly valuable, as they are derived from 
uninterrupted daily observations collected from January 1, 
1861, to December 31, 2021. These long-term in situ obser-
vations (161 years per series) are not significantly affected 
by inhomogeneities caused by changes in instrumentation, 
station relocation, or variations in observing practices, such 
as different formulas for calculating minimum and maxi-
mum values or changes in observation times. As highlighted 
by Boccolari and Malmusi (2013), the Modena time series 
benefit from the fact that sensors have been positioned in 
the same location, the eastern tower of the Palazzo Ducale 
di Modena, except for a brief period during World War II 
(1944–1945). Throughout the observation period, sensors 
have always been monitored by at least one operator. Since 
1985, meteorological observations have been conducted 
daily using automatic equipment. A change in the hygro-
thermograph, an instrument used to simultaneously measure 
and record humidity and temperature over time, was made 
in 1869, prior to the starting year (1881) of the series con-
sidered in this study. Additional metadata detailing the sta-
tion’s history can be found in Corradini (2014).

In this study, we focus on data from 1881 onward to 
compare the series with selected related variables. The 
GISTEMP surface temperature series (GISTEMP Land & 
Ocean Combined) is used as an estimate of global surface 
temperature change from 1881. A projection of global tem-
perature for Modena (G) is derived by adding the average 
temperature observed in Modena during the 1951–1980 base 
period (Tb = 13.38 °C) to the GISTEMP temperature anoma-
lies. This is a standard procedure in climatology that enables 
a direct comparison between the derived GISTEMP global 
temperature (G) and the observed local temperature (T) in 
Modena, as shown in Fig. 1. Although significant internal 
variability exists in local air temperature on a monthly scale, 
the long-term trends of T, G, and monthly values of T are 
similar (Appendix 1, Fig. 18). The present paper focuses on 
annual values to investigate the long-term relationship, free 
from the influence of periodic or geographically specific cli-
matic variations. As shown in Fig. 1, the GISTEMP global 
series (G) and the Modena local series (T) closely align 
between 1880 and 1990, with notable deviations emerging 
after 1990. The close agreement between locally observed 
absolute temperatures and those reconstructed by combin-
ing GISTEMP anomalies with local baseline records for the 
1951–1980 period is not a given. It relies on the assump-
tion that absolute temperatures remained relatively stable 
throughout the baseline. The GISTEMP G series represents 

Fig. 1  Comparison between local air temperature observed in Modena 
(T) and NASA GISTEMP global air temperature (G) estimated by 
the Goddard Institute for Space Studies (GISS). GISTEMP global 
air temperature for Modena is obtained by adding the average tem-
perature observed in Modena in the 1951–1980 base period, namely 
Tb = 13.38 °C, to GISTEMP anomaly data
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which inherently includes local effects (Appendix 3, Fig. 
20).

Observations of the urban area extent (A) of Modena are 
available for the years 1881, 1940, 1961, 1971, 1981, 1998, 
2000, and 2002–2021. Cubic spline interpolation is applied 
to reconstruct values of A for the intervening years between 
1881 and 2021. Global CO2 concentration (C), estimated 
from ice cores for the period 1832–1978 and observed at 
the Mauna Loa Observatory (latitude 19.5362°N, longi-
tude 155.5763°W, elevation 3397.00 m asl), Hawaii, from 
1959 onward, is combined to provide an annual time series 
for 1881–2021 (with ice core data from 1881 to 1958 and 
Mauna Loa data from 1959 to 2021). With the uninterrupted 
series of 141 annual values of T, P, A, G, and C obtained 
for the period 1881–2021, we create the first dataset. Fig-
ure  2 presents a scatter plot matrix that visualizes bivari-
ate relationships among combinations of variables over the 
141  years considered. When considering annual values, 

the global average temperature and, therefore, does not 
account for the fact that land surfaces warm faster than seas 
and oceans due to differences in thermal capacity, nor does 
it consider that different regions of the Earth warm at dif-
ferent rates. However, the close match between global and 
local temperatures during the period 1880–1990 suggests 
that regional differences relative to the global GISTEMP 
do not play a significant role, at least in determining local 
deviations from the global mean annual air temperature, 
as analyzed in this study. A visual comparison of the GIS-
TEMP Land & Ocean combined series with the Land-only 
series confirms that differences in thermal inertia do not 
significantly account for the local deviations observed over 
the past two decades (Appendix 2, Fig. 19). Furthermore, 
because this study focuses on deviations of local tempera-
ture from the global mean annual air temperature, the global 
GISTEMP data (G) are preferred over the gridded version, 

Fig. 2  Scatter plot matrix illustrating the absolute frequency distributions of T, P, A, G, and C (i.e., the number of occurrences, n, over discrete 
intervals) and their pairwise relationships observed from 1881 to 2021
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first differences suggests that the highly significant linear 
relationships between T and A, T and G, T and C, and A and 
G are spurious, while the relationships between T and P, A 
and C, and G and C are likely nonspurious. Since spurious 
correlations in symmetric linear (correlation) relationships 
are also expected in asymmetric linear regression models, 
we perform asymmetric nonlinear regression analysis to 
investigate the relationships between T, P, A, G, and C.

Observations of registered cars (M) and vehicles (V) in 
Modena are available for the years 1986–1998 and 1996–
2021. To fill in the gaps for the years 1989–1995, we apply 
cubic spline interpolation and create a second dataset of 
36 annual observations for the period 1986–2021, which 
includes two additional variables related to local develop-
ment and urbanization. The time series showing the num-
ber of registered cars (M) and vehicles (V) in Modena is 
reported in Fig.  3. In fact, the growth of vehicle fleets in 
metropolitan areas could be a potential driver of urban heat, 
alongside urbanization. Figure  4 presents a scatter plot 
matrix that visualizes bivariate relationships among com-
binations of variables over the 36 years considered. In this 
dataset, highly significant correlations (p-value < 0.01) are 
found only between ∆T and ∆P, ∆A and ∆C, and ∆M and 
∆V. Insignificant correlations (p-value > 0.05) are observed 
between all other pairs of first differences. Notably, in more 
recent years, the previously significant linear relationship 
between global temperature and global CO2 becomes insig-
nificant. Figure 3 shows the time series for G, T, M, and V 
on the same graphs. The behavior of these series suggests 
that M, V, and T follow a similar pattern, especially over 
the last 5 years. This common trend points to the need for 
a nonlinear analysis of the impact of cars M and vehicles V 
on local temperature T and its deviations from the global 
temperature pattern.

2.2  Methods

Cubic spline interpolation is first performed to evaluate and 
compare asymmetric pairwise relationships, with local tem-
perature (T) considered as the dependent variable and, in 
turn, local urbanization (A), global CO2 concentration (C), 
and local precipitation depth (P) as explanatory variables. 
When using the second data set, we also include the num-
ber of cars (M) and vehicles (V) as explanatory variables. 
The same analysis is then conducted using the difference DT 
between T and G as the dependent variable. Spline model-
ing has become an established tool in statistical regression 
analysis and is widely used for building explanatory models 
in many fields of research that require non-linear smooth 
functions while avoiding distributional assumptions. More 
importantly, splines offer the advantage of locality, mean-
ing the fitted function at a given value does not depend on 

lagged variables are ineffective predictors of T, and the 
scatter plot diagrams are useful for highlighting the pres-
ence of linear or nonlinear relationships between pairs of 
variables. The histograms on the diagonal of the scatter plot 
matrix reveal irregular and asymmetric distributions, which 
suggest that parametric models are unsuitable for fitting 
the relationships between variables. From the scatter plot 
matrix, we observe that some variables are strongly linearly 
correlated. Symmetric pairwise linear relationships between 
T, P, A, G, and C in the first dataset are assessed by comput-
ing correlation coefficients (r) and their associated p-values 
for all pairs of variables. Note that correlation analysis is 
symmetric and does not imply causation; it only measures 
the strength and direction of the linear relationship between 
variables, without inferring a cause-and-effect relationship.

Highly significant correlations (p-value < 0.01) exist 
between T and A, T and G, T and C, A and G, A and C, and 
G and C, while insignificant correlations (p-value > 0.05) 
are found between all other pairs of variables involving P 
(Taylor 1997 p. 290). However, correlations can be spuri-
ous due to mutual influence from a third, common, related 
(confounding) variable. For example, in this study, spu-
rious correlation may arise between variables that both 
exhibit the same positive trend over time, independent of 
each other. A detailed analysis of the trends and change 
points of T, P, A, and C over the period 1881–2119 can be 
found in Morlini et al. (2024). To identify potential spuri-
ous correlations, we compute the first differences (∆T, ∆P, 
∆A, ∆G, ∆C) of the series for T, P, A, G, and C, respec-
tively (Hooker 1905; Aldrich 1995) and evaluate the cor-
responding linear pairwise relationships. Highly significant 
correlations (p-value < 0.01) are found only between ∆T 
and ∆P, and between ∆A and ∆C. A significant correla-
tion (0.01 ≤ p-value ≤ 0.05) exists between ∆G and ∆C, 
while insignificant correlations (p-value > 0.05) are found 
between the other pairs of first differences. The analysis of 

Fig.  3  Time series showing the number of registered cars (M) and 
vehicles (V) in Modena, along with the NASA GISTEMP global air 
temperature (G) estimated by the Goddard Institute for Space Studies 
(GISS), and local air temperature (T) observed in Modena
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perfectly interpolates the data. Assume that the function f(xi) 
is represented by a spline function with fixed knot sequence. 
Because the latter functions form a vector space, then it is 
possible to express f(xi) as

f (xi) =
K+3+1∑

k=1

βkBk(xi)

where Bk are a set of basis functions defining vector space 
and βk are the associated spline coefficients. Representing 
f(xi) with basis functions shows that estimating f(xi) can be 
reduced to estimating the coefficients βk for the transformed 
variables Bk. This estimation is a linear optimization prob-
lem and, more importantly, simplifies the spline modeling 

data values far from that point, as it does in other nonlinear 
regression methods such as polynomials (Perperoglou et al. 
2019).

Let {xi, yi, i = 1,…, n} be a set of observations modeled 
by the relation yi = f(xi) + ei, where ei are independent ran-
dom variables. Let ŷi = f(xi) denote the predicted values. 
Define a set of knots τ1 < τ2 < ⋯ < τK within the range [xmin, 
xmax], where xmin and xmax are the minimum and maximum 
values of xi (i = 1,…,n), respectively. A cubic spline func-
tion is a smooth function such that f(xi) is a polynomial 
of degree 3 and satisfies the property that all derivatives 
of order less than 3 are continuous. The flexibility of the 
function is determined by the number of knots. Increasing 
the number of knots results in more flexible curves. In the 
limiting case where each point xi (i = 1,…, n) is chosen as a 
knot, and each xi corresponds to a unique value yi, the spline 

Fig. 4  Scatter plot matrix illustrating the absolute frequency distributions of T, P, A, G, C, M, and V, namely the number of occurrences n over 
discrete intervals observed over the period 1986–2021 and pairwise relationships
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BIC = n ln

n∑
i=1

(yi − ŷi)2
/n + kln(n)

and

AIC = n ln

n∑
i=1

(yi − ŷi)2
/n + 2k

where k is the number of parameters in the model. The pen-
alty term k ln(n) in BIC is larger than the penalty term 2 k in 
AIC for n > 7 (Stoica and Selen 2004).

Regression tree analysis is performed for multivari-
ate regression, differing from many traditional flexible, 
non-parametric statistical techniques by providing insight 
into the role of each explanatory variable in predicting the 
dependent variable. Regression trees are well-suited for 
analyzing complex environmental data, offering robust and 
flexible methods capable of handling nonlinear relation-
ships and high-order interactions. Despite the complexity 
of the algorithms used to construct these trees, the approach 
is intuitive and yields easily interpretable results. Regres-
sion trees explain variation in a single response variable by 
iteratively splitting the data into more homogeneous groups 
based on combinations of explanatory variables. Each group 
is characterized by the mean value of the response variable, 
the number of observations it contains, and the mean values 
of the explanatory variables defining it. Trees are often rep-
resented graphically, aiding in the interpretation of patterns 
and processes identified by the algorithms. Advantages of 
regression trees include their flexibility to handle various 
response types, invariance to monotonic transformations 
of explanatory variables, and ease of interpretation. Addi-
tionally, regression trees reveal the influence of explanatory 
variables on the dependent variable at different levels.

XLSTAT 2022 is used to fit regression trees, employ-
ing both the CHAID (Chi-squared Automatic Interaction 
Detection) and exhaustive CHAID algorithms, as well as 
the C&RT (Classification and Regression Tree) algorithm. 
CHAID builds upon the Automatic Interaction Detec-
tion (AID) algorithm developed by Morgan and Sonquist 
(1963), which performs stepwise splitting. AID begins with 
a single cluster of cases and searches for the best way to 
split the cluster into two, considering all possible splits for 
each predictor. The split that minimizes the within-cluster 
sum of squares about the cluster mean on the dependent 
variable is selected. AID also naturally incorporates inter-
actions among predictors, represented in tree models by 
different branches from the same node, unlike the cross-
product terms used in ANOVA models. CHAID extends 
the AID algorithm by incorporating adjusted significance 
testing (Kass 1980; Biggs et al. 1991; Ritschard 2013). For 

process to determining real-valued coefficients. In cubic 
splines, the basis functions are defined as follows:

B1 (xi) = 1, B2 (xi) = xi, B3 (xi) = x2
1, B4 = x3

i .

Starting from the polynomial of degree 3 defined over [xmin, 
xmax], deviations from the base polynomial are successively 
added to the spline function to the right of each knot, such 
that:

B4 (xi) = (xi − τ1)3 + B5(xi − τ2)3 + · · · + BK+4(xi − τK)3
.

A notable feature of cubic splines is that their basis functions 
are not entirely local, as some are defined across the entire 
range of the data [xmin, xmax]. The spline has four parameters 
for each of the K + 1 regions defined by the knots, minus 
three constraints per knot, resulting in K + 4 degrees of free-
dom. The parameters are estimated using XLSTAT 2022 Sta-
tistical Software for Excel (Addinsoft 2023). This software 
performs cubic spline fitting with equally spaced knots but 
does not include a penalty function, such as the integrated 
second derivative of the spline. The primary tuning param-
eter in XLSTAT is the number of knots, which determines 
the smoothness of the fitted function. As Armstrong (2006) 
outlines, natural cubic splines are preferred for analyzing 
the relationship between temperature and other variables 
because they are constrained to be linear at the boundar-
ies, where data are often too sparse to support more detailed 
modeling. Several authors emphasize that while spline mod-
eling is highly flexible, it requires careful selection of tuning 
parameters (e.g., Friedman et al. 2001; Harrell 2015; Wood 
2017). However, the degree of the polynomial (which can 
differ from 3 in other types of splines) and the spacing of 
the knots have been shown to have minimal impact on the 
fitting process. Cubic splines are generally preferred as they 
produce smooth curves. Polynomials of degree 1 or 2 often 
result in jagged splines, whereas polynomials of degree 3 
and above yield curves with indistinguishable smoothness.

To avoid overfitting, the choice of a penalty function can 
be replaced by reducing the number of knots. Excessive 
knots introduce too many oscillations, while too few knots 
risk missing genuine variability in the data. In this study, the 
number of knots is selected by comparing the Akaike Infor-
mation Criterion (AIC) and Bayesian Information Criterion 
(BIC). These criteria prevent overfitting by incorporating 
the model’s degrees of freedom, unlike cross-validation 
strategies that optimize out-of-sample prediction. Since the 
objective of this study is not to maximize prediction accu-
racy but to determine which predictors provide the most 
explanatory power (potentially causal), AIC and BIC are 
particularly suitable. In terms of the sum of squared errors, 
BIC and AIC can be expressed as:

1 3
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error (MSE) reduction. Tree building stops if the reduction 
in the within-cluster sum of squares is smaller than the spec-
ified complexity parameter (cp). In general, CHAID builds 
non-binary trees that tend to be wider, making this method 
particularly popular for certain applications. Conversely, 
C&RT always produces binary trees, which may sometimes 
be less efficient to summarize for interpretation. Regarding 
predictive accuracy, there are no universal recommenda-
tions in the literature, as the choice of algorithm remains an 
area of ongoing research. Both algorithms are applied and 
compared in this study to evaluate the robustness of results 
with respect to the chosen algorithm and splitting rules.

3  Results

3.1  Cubic splines

Table 1 presents the sum of squares errors (SSE), BIC, and 
AIC for cubic spline models predicting T as a function of 
P, A, and C, with varying numbers of knots ranging from 3 
to 14. The BIC and AIC criteria are used to identify models 
with the optimal degree of smoothness, while SSE values are 
employed to compare model fit across different predictors. 
Both AIC and BIC favor the model with 4 knots when P is 
the predictor and the model with 5 knots when A or C is the 
predictor (the minimum value for each model selection cri-
terion is highlighted in bold). The estimated fitting functions 
for these models are displayed in Fig.  5. The SSE values 
and fitted functions reveal that A and C provide very similar 
predictive information for T, whereas P is the weakest pre-
dictor. The high SSE and the overly smooth fitted function 
for P, where predicted values do not exceed 14 °C, suggest 
that T is unrelated to P. Fitted functions further demonstrate 
that A and C exhibit a monotonic direct relationship with T 
only above specific thresholds, approximately 20 km2 for A 
and 325 ppm for C. The same analysis is conducted using 
DT as the dependent variable, and the results are presented 
in Table 2. As in the previous case, the models selected by 
the information criteria are the cubic spline with four knots 

regression problems with continuous dependent variables, 
CHAID employs F-tests. Continuous predictors are first 
transformed into categorical variables by grouping their 
values into categories with approximately equal frequen-
cies. The algorithm then identifies the least significant pair 
of predictor categories and merges them if their difference 
does not meet a predefined significance threshold (alpha-
to-merge). This process is repeated until all remaining cat-
egory pairs are significantly different. Bonferroni-adjusted 
p-values are computed to identify the most significant split. 
Splitting continues until no further splits meet the alpha-to-
merge and alpha-to-split thresholds, resulting in terminal 
nodes. Tree size is controlled by parameters such as maxi-
mum tree depth and the alpha values for merging and split-
ting. Overly large trees can become difficult to interpret, so 
robustness to stopping rules and parameters should be eval-
uated to ensure meaningful and stable results. Furthermore, 
the appropriate tree size, balancing model complexity with 
interpretability, need to be selected.

Exhaustive CHAID, a modification of the basic CHAID 
algorithm, performs a more thorough merging and testing of 
predictor variables. Specifically, the merging of categories 
continues without reference to any alpha-to-merge value 
until only two categories remain for each predictor. The 
algorithm then follows the CHAID procedure for selecting 
the split variable, choosing the predictor that yields the most 
significant split. The parameters controlling the size of the 
tree are the maximum tree depth and the alpha-to-split value. 
C&RT (Breiman et al. 1984) is a similar algorithm designed 
for building binary trees. For all predictors, the algorithm 
computes the within-cluster sum of squares around the mean 
of the cluster for the dependent variable. The algorithm sorts 
all predictor values in ascending order, with each element 
of the sorted predictor serving as a potential splitting candi-
date or cut point. The optimal split is determined by maxi-
mizing the reduction in the within-cluster sum of squares 
across all candidates. Specifically, the algorithm splits the 
observations into two child nodes at each candidate, com-
putes the reduction in the within-cluster sum of squares, and 
selects the candidate that yields the largest mean squared 

Table 1  Sum of squares errors (SSE), BIC, and AIC for cubic spline models with varying numbers of knots, modeling T as a function of P, A, and 
C for the period 1881–2021. The minimum values for each model selection criterion are highlighted in bold
# of knots P A C

SSE BIC AIC SSE BIC AIC SSE BIC AIC
3 267.0 822.5 801.8 259.5 818.5 797.8 169.0 758.0 737.3
4 158.7 754.0 730.4 344.6 854.9 831.3 88.5 671.7 648.1
5 238.9 816.7 790.2 64.7 632.6 606.1 65.7 634.7 608.1
6 194.4 792.5 763.1 87.3 679.8 650.3 96.7 694.2 664.7
8 141.1 757.2 721.8 103.8 714.0 678.6 92.9 698.4 663.1
10 178.5 800.3 759.1 119.2 743.4 702.2 75.7 678.9 637.6
12 462.5 944.5 897.3 191.4 820.1 772.9 66.2 670.3 623.1
14 220.7 850.0 797.0 129.1 774.4 721.4 76.1 699.9 646.8
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in both T and DT as these variables increase. In contrast, the 
relationship between T and DT and cars is not monotonic, 
showing a change in direction after a certain threshold. This 
suggests that further increases in the number of cars may not 
result in additional increases in T and DT. As expected, P is 
inversely related to both T and DT. By analyzing the shape 
of the fitted functions one can expect higher values of T and 
DT for larger values of P. In summary, cubic spline analysis 
shows that, when used separately, variables explaining local 
development, such as A, cars, and V, are similarly strong 
predictors of local temperature and the difference between 
local and global temperature, compared to the global devel-
opment variable C. These local variables are thus effective 
surrogates for the global development variable C in the 
urban city of Modena. The local climatic variable P cannot 
be considered a good predictor of T, but it may be useful in 
predicting the difference DT.

3.2  Regression trees

The CHAID and exhaustive CHAID regression trees model-
ing T as a function of P, A, and C for the period 1881–2021 
yield nearly identical results. Without imposing restrictions 
on the maximum tree depth, the resulting trees consist of 
only one level. The selected split variable is A. The choice 
of alpha parameters affects only the number of nodes in 
the first level. Figure 9 shows the regression tree obtained 

when P is used as a predictor and the cubic spline with five 
knots when A or C are used as predictors. SSE, BIC, and 
AIC values for models with more than six knots are higher 
and, therefore, are not reported in Table 2. Estimated fitting 
functions for the selected models are shown in Fig. 6. SSE 
results indicate that A and C have the greatest impact on 
the dependent variable DT, with P having a slightly lesser 
effect. The fitted functions reveal that DT is inversely related 
to P, while A and C exhibit a monotonic direct relationship 
with DT only for values exceeding the same thresholds pre-
viously identified (approximately 20 km2 for A and 325 ppm 
for C).

Tables 3 and 4 report the sum of squared errors (SSE), 
BIC, and AIC for cubic splines with different numbers of 
knots, modeling T and DT, respectively, as functions of P, 
A, C, the number of cars (M), and vehicles (V) for the second 
data set of 36 annual observations from 1986 to 2021. For 
both predicting T and DT, AIC and BIC favor the model 
with three knots when using P, A, C, or V as the indepen-
dent variable, and the model with four knots when using M 
as the independent variable. SSE comparison indicates that 
P is the worst predictor for T and DT, while A, C, M, and 
V convey similar information in predicting T and DT. The 
selected fitted functions are graphically displayed in Figs. 7 
and 8. The shape of these functions suggests that, since 
1986, A, C, and V have a monotonic direct relationship with 
T and DT, indicating that we may expect further increases 

Table 2  Sum of squares error (SSE), BIC, and AIC for cubic splines with different number of knots modelling DT as a function of P, A, and C for 
the period 1881–2021. The minimum values for each model selection criterion are highlighted in bold
# of knots P A C

SSE BIC AIC SSE BIC AIC SSE BIC AIC
3 168.9 757.9 737.3 195.8 778.7 758.1 157.3 747.8 727.2
4 72.5 643.5 619.9 334.4 859.1 835.5 100.9 690.2 666.6
5 147.6 748.8 722.2 62.4 627.4 600.9 66.7 636.7 610.2
6 87.5 679.9 650.5 71.8 652.2 622.7 80.2 667.8 638.3

Fig. 6  Fitted cubic spline functions 
modelling DT as a function of P 
(left), A (center), and C (right) for 
the period 1881–2021

 

Fig. 5  Fitted cubic spline functions 
modelling T as a function of P 
(left), A (center), and C (right) for 
the period 1881–2021
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using both CHAID and exhaustive CHAID algorithms with 
all alpha parameters set to 5%, while Table 5 illustrates the 
tree structure. The target variable in the root node is T, and 
the first (and only) split variable is A. Table 5 lists the rules 
derived from both the CHAID and exhaustive CHAID mod-
els, following the nodes and branches. These rules are based 
on a single level of the tree, with all three rules involving the 
variable A, indicating that it is the only predictor selected by 
both algorithms. Understanding the rules makes the model 
more interpretable. For example, Rule 1 indicates that if A 
in a given year is lower than 16.21 km2, the expected aver-
age annual temperature is 13.2 °C. Rule 2 suggests that if A 
is between 16.21 and 36.6 km2, the expected annual aver-
age urban temperature is 13.52 °C. Rule 3 states that if A 
exceeds 36.6 km2, the expected average annual temperature 
is 13.38 °C. All these rules are end nodes, representing the 
outcomes of decision paths. This interpretative logic can be 
applied to all subsequent trees.

In Fig. 10, the regression tree obtained using the C&RT 
algorithm with a complexity parameter (cp) of 0.01 is 
shown, and Table 6 displays the tree structure. In this tree, 
the first-level predictor is C, with A appearing as a second-
level predictor only for values of C below 363.31  ppm. 
When the complexity parameter cp ranges from 0.05 to 
0.01, the tree structure remains unchanged. However, with a 
very small cp set to 0.001, the tree becomes overly complex, 
with many layers and nodes in each layer, making it difficult 
to interpret. The importance of each feature in the regression 
tree model can be assessed by analyzing the levels. Accord-
ing to the CHAID and exhaustive CHAID algorithms, A is 
the most important predictor of T. In contrast, the C&RT 
algorithm identifies C as the most important predictor, with 
A playing a secondary role. For all algorithms, P is the least 
important feature among the considered variables, having 
the smallest effect on T. P is not selected as a split variable 
when changing the CHAID and exhaustive CHAID stop-
ping parameters, while it appears as the third-level predictor 
in C&RT with a complexity parameter cp = 0.001.

Figure 11 reports the regression tree modeling DT as a 
function of P, A, and C for the period 1881–2021, obtained 
using the CHAID and exhaustive CHAID algorithms with 
alpha values ranging from 0.1 to 0.01. The results are stable 
with respect to both the algorithm used and the stopping 
parameters, and they indicate that A is the only variable 
important for predicting the difference between the local 
urban temperature and the global temperature. For A values 
lower than 36.6 km2, the expected difference is zero, indicat-
ing that positive and negative differences balance each other 
out when urbanization is below this threshold. For A > 36.6 
km2, the expected difference is positive, suggesting that the 
local urban temperature is expected to be higher than the 
global one when local urbanization exceeds this threshold. 
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Figure 12 reports the regression tree modeling DT as a func-
tion of P, A, and C for the period 1881–2021, obtained using 
C&RT with a cp = 0.01. Table 7 presents the tree structure.

For cp values higher than 0.01, the regression trees have 
only the first level, with A selected as the split variable (and 
a threshold value of 38.15 km2). For cp values smaller than 
0.01, the trees have a third level with A as the split vari-
able again, and a fourth level with P as the split variable. 
The results indicate that A is the most important variable 
for predicting DT, and P is only important for predicting 
DT when local urbanization is lower than 38.15 km2. For 
A ≤ 38.15 km2 and P ≤ 962.95 mm, the expected local urban 
temperature is nearly equal to the global one. However, for 
P > 962.95  mm, the expected local urban temperature is 
higher than the global one. For A > 38.15 km2, the expected 
local temperature is higher than the global one, and P does 
not influence the difference between G and T.

When using the second dataset to model T as a func-
tion of P, A, C, M, and V for the period 1986–2021, trees 
obtained with the CHAID and exhaustive CHAID algo-
rithms have only one level: the variable selected as the split 
variable is either A or C, depending on the alpha values. 
Figure 13 shows the regression tree obtained with CHAID 
(with α, alpha-to-merge, and alpha-to-split set to 0.01) and 
exhaustive CHAID (with α set to 0.01). Figure 14 presents 
the regression tree obtained with CHAID (with α, alpha-to-
merge, and alpha-to-split set to 0.5) and exhaustive CHAID 
(with α set to 0.5). The results indicate that, from 1986 
onward, A and C are similarly strong predictors of T. The 
C&RT algorithm, with cp set to 0.01, on the other hand, 
selects V in the first level and C in the second level. With a 
very small cp value set to 0.001, the tree has a third level in 
which the split variable selected is P. Figure 15 shows the 
regression tree with cp set to 0.01. With the C&RT algo-
rithm, regression trees indicate that V is the most important 
variable for predicting T, and C is important only when the 
number of vehicles exceeds 135,039.

Comparing Figs. 13, 14, and 15, it can be observed that 
an average urban air temperature of 13.72  °C is achieved 
with either A ≤ 37.98 km2 or V ≤ 135,039, while a slightly 
lower average temperature of 13.56  °C corresponds to 
C ≤ 356.54  ppm. An average temperature of 15.2  °C is 
reached with either 37.98 < A ≤ 40.80 km2 or V > 135,039, 
combined with C ≤ 397.81 ppm. An intermediate range of 
14.49 °C to 15.6 °C occurs when 356.54 < C ≤ 398.87 ppm. 
The highest average urban air temperature, near 16 °C, is 
observed with A > 40.8 km2, V > 135,039, or C > 397.81 ppm, 
as well as when C > 398.87 ppm. These results indicate that 
A and C are similarly strong predictors of urban air tempera-
ture, with V also emerging as a strong predictor when used 
in conjunction with C.

Ta
bl

e 
4 

Su
m

 o
f s

qu
ar

es
 e

rr
or

 (S
SE

), 
B

IC
, a

nd
 A

IC
 fo

r c
ub

ic
 sp

lin
es

 w
ith

 d
iff

er
en

t n
um

be
r o

f k
no

ts
 m

od
el

lin
g 

D
T 

as
 a

 fu
nc

tio
n 

of
 P

, A
, C

, M
 a

nd
 V

 fo
r t

he
 p

er
io

d 
19

86
–2

02
1.

 T
he

 m
in

im
um

 v
al

ue
s 

fo
r e

ac
h 

m
od

el
 se

le
ct

io
n 

cr
ite

rio
n 

ar
e 

hi
gh

lig
ht

ed
 in

 b
ol

d
# 

of
 k

no
ts

P
A

C
M

V
SS

E
B

IC
A

IC
SS

E
B

IC
A

IC
SS

E
B

IC
A

IC
SS

E
B

IC
A

IC
SS

E
B

IC
A

IC
3

23
.2

13
8.

3
12

7.
2

12
.1

11
4.

7
10

3.
6

13
.1

11
7.

8
10

6.
7

18
.5

13
0.

1
11

9.
0

11
.1

11
1.

8
10

0.
8

4
29

.3
15

0.
3

13
7.

7
45

.1
16

5.
8

15
3.

1
31

.4
15

2.
7

14
0.

0
12

.6
12

0.
0

10
7.

3
14

.2
12

4.
2

11
1.

5
5

32
.3

15
7.

3
14

3.
1

14
.1

12
7.

5
11

3.
2

16
.6

13
3.

4
11

9.
2

31
.6

15
6.

6
14

2.
4

15
.4

13
0.

7
11

6.
4

1 3



Stochastic Environmental Research and Risk Assessment

Table 5  Structure of CHAID (with α set to 5%, alpha-to-merge and alpha-to-split values equal to 5%) and exhaustive CHAID (with α set to 5%) 
trees modeling T as a function of P, A, and C for the period 1881–2021
Node # of years % Test statistic p-value df1 df2 Split variable Values
1 141 100.00 176.14  < 0.0001 2 138
2 85 60.28 A (km2) ≤ 16.21
3 28 19.86 A (km2) (16.21, 36.60]
4 28 19.86 A (km2)  > 36.60

Fig. 9  CHAID (with α set to 5%, 
alpha-to-merge and alpha-to-split 
values set to 5%) and exhaustive 
CHAID (with α set to 5%) regres-
sion trees modeling T as a function 
of P, A, and C for the period 
1881–2021

 

Fig. 8  Fitted cubic spline func-
tions modelling DT as a function 
of P (top left), A (top center), C 
(top right), M (bottom left), and 
V (bottom center) for the period 
1986–2021

 

Fig. 7  Fitted cubic spline functions 
modelling T as a function of P (top 
left), A (top center), C (top right), 
M (bottom left), and V (bottom 
center) for the period 1986–2021
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Table 6  Structure of the C&RT tree (with cp set to 0.01) modeling T as a function of P, A, and C for the period 1881–2021
Node # of years Coverage (%) Improvement Split variable Values Parent node Sons Predicted values
1 141 100 0.725 2; 3 13.7
2 116 82.27 0.130 C (ppm) ≤ 363.31 1 4; 5 13.3
3 25 17.73 C (ppm) > 363.31 1 15.53
4 62 43.97 A (km2) ≤ 6.05 2 13.13
5 54 38.30 A (km2) > 6.05 2 13.51

Fig. 11  CHAID (with α, alpha-to-merge, 
and alpha-to-split values ranging from 
0.01 to 0.1) and exhaustive CHAID 
regression tree (with α ranging from 0.01 
to 0.1) modeling DT as a function of P, 
A, and C for the period 1881–2021

 

Fig. 10  C&RT regression tree with 
cp set to 0.01 modeling T as a func-
tion of P, A, and C for the period 
1881–2021
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Table 7  Structure of the C&RT tree (with cp set to 0.01) modelling DT as a function of P, A, and C for the period 1881–2021
Node # of years Coverage (%) Improvement Split variable Values Parent node Sons Predicted values
1 141 100.00 0.494 2; 3 0.24
2 116 82.27 0.060 A (km2) ≤ 38.15 1 4; 5 0.01
3 25 17.73 A (km2) > 38.15 1 1.29
4 114 80.85 0.037 P (mm) ≤ 962.95 2 0.03

Fig. 14  CHAID (with α, alpha-
to-merge, and alpha-to-split set 
to 0.05) and exhaustive CHAID 
regression tree (with α set to 
0.05) modeling T as a function of 
P, A, C, M, and V for the period 
1986–2021

 

Fig. 13  CHAID (with α, alpha-
to-merge, and alpha-to-split set 
to 0.01) and exhaustive CHAID 
regression tree (with α set to 
0.01) modelling T as a function 
of P. A, C, M and V for the period 
1986–2021

 

Fig. 12  C&RT (with cp set to 0.01) 
modeling DT as a function of P, A, 
and C for the period 1881–2021
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temperature higher than the global one is expected when 
A > 37.98 km2 or V > 134,901. The C&RT algorithm selects 
A at the first level and P at the second level when cp ≤ 0.01. 
Figure 17 shows the tree obtained with cp values ranging 
from 0.001 to 0.01.

Results indicate that, from 1986 onward, both the local 
urban air temperature and the difference between this local 
temperature and the global one can be predicted using only 
A, C, or V. The local variables A and V provide similar infor-
mation to C in explaining local temperature. In contrast, the 
local climatic variable P is useful only when combined with 
A or C. These findings suggest that local policies aimed at 
limiting urbanization, reducing the number of vehicles, and 
curbing local development can effectively help mitigate 
increases in local urban air temperature. Regression tree 
analysis further demonstrates that, when used individu-
ally, A, C, and V (the latter applicable only from 1986) are 

When using the second data set to model DT as a func-
tion of P, A, C, M, and V (for the period 1986–2021), the 
CHAID and exhaustive CHAID algorithms select either 
A or V, depending on the α values. With CHAID, when 
α, alpha-to-merge, and alpha-to-split are set between 0.05 
and 0.1, the selected variable is V. Conversely, when α, 
alpha-to-merge, and alpha-to-split are set between 0.01 
and 0.04, the selected variable is A. Exhaustive CHAID 
yields similar results. Figure 16 presents the trees obtained 
with CHAID (α, alpha-to-merge, and alpha-to-split set to 
0.01) and exhaustive CHAID (α set to 0.01) on the left, and 
CHAID (α, alpha-to-merge, and alpha-to-split set to 0.05) 
and exhaustive CHAID (α set to 0.05) on the right. The 
results indicate that A and V provide equivalent informa-
tion for predicting DT. A local urban air temperature nearly 
equal to the global temperature is expected when either 
A ≤ 37.98 km2 or V ≤ 134,901. Conversely, a local urban air 

Fig. 16  CHAID (with α, alpha-to-merge and alpha-to-split set to 0.01) 
and exhaustive CHAID regression tree (with α set to 0.01) modeling 
DT as a function of P, A, C, M and V for the period 1986–2021 (left 
panel) and CHAID (with α, alpha-to-merge, and alpha-to-split set to 

0.05) and exhaustive CHAID regression tree (with α set to 0.05) mod-
eling DT as a function of P, A, C, M, and V for the same period (right 
panel)

 

Fig. 15  C&RT (with cp set to 0.01) mod-
eling T as a function of P, A, C, M and V 
for the period 1986–2021
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roughness sublayer in meters, which can conservatively be 
set to six times the average building height in the city. In the 
case of Modena, assuming ρa = 1.225  kg  m−3, A = 42 × 106 
m2, Z = 60  m, and cp = 1006  J  kg−1  K−1, it follows that 
Ma = 3.087 × 109 kg, and Cp = 3.106 × 1012 J K−1.

The traffic heat release, Q, to the near-surface atmo-
spheric layer involved is given by

Q = H F,

where H is the heat value of gasoline or diesel fuel in J kg−1 
and F is the daily fuel consumption in kg. F can be esti-
mated as 

F = f Vi,

where f is the average daily fuel consumption of a vehicle 
circulating within the considered municipal district, and Vi 
is the number of vehicles involved. For Modena, assuming 
f = 3 kg/vehicle, Vi = 78,130 vehicles (half the average num-
ber of registered vehicles in the municipal district in the five 
years from 2017 to 2021), and H = 46 × 106 J kg−1, it fol-
lows that F = 234,390 kg and Q = 1.078 × 1013 J. It is finally 
obtained that δT = 3.5 K, or equivalently δT = 3.5 °C, which 
is of the same order of magnitude as the local temperature 
excess observed in Modena since 1996 (Figs. 1 and 6).

4  Discussion

The GISTEMP series provides global surface temperature 
anomalies relative to the 1951–1980 baseline. In this study, 
absolute temperatures for Modena are estimated by adding 

similarly strong predictors of T and perform nearly as well 
as when used together. Thus, A and V (from 1986 onward) 
serve as effective surrogates for C in predicting local urban 
air temperature, whereas P is significant for explaining DT 
only when paired with another variable representing local or 
global development.

3.3  Order of magnitude analysis

An order-of-magnitude analysis using reasonable scale vari-
ables is performed to test the plausibility of the hypothesis 
that the rapid increase in local temperature relative to global 
temperature observed in Modena since 1996 is caused, at 
least in part, by congested traffic heating. The local tempera-
ture increase, δT, relative to global temperature is given by

δT = Q/Cp,

where Q is the heat released by traffic to the near-surface 
atmospheric layer involved in J, and Cp is the heat capacity 
of this atmospheric layer in J K−1. Cp represents the amount 
of heat required to produce a unit change in the temperature 
of the atmospheric layer, and can be expressed as

Cp = cpMa,

where cp is the air specific heat capacity in J kg−1 K−1 and 
Ma is the mass of air involved in kg. Ma can be computed as

Ma = ρaA Z,

where ρa is the air density in kg m−3, A is the urban area 
extent in m2, and Z is the thickness of the atmospheric urban 

Fig. 17  C&RT (with cp ranging 
from 0.001 to 0.01) modeling DT 
as a function of P, A, C, M, and V 
for the period 1986–2021
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dependent variable, splines reveal that P can be a useful 
predictor, along with A and C (Table 2 and Fig. 6). P values 
exceeding 700 mm are associated with significant negative 
deviations in local temperature relative to global tempera-
ture, likely due to enhanced evaporative cooling in the local 
environment. Conversely, A values above 35 km2 and C val-
ues exceeding 350 ppm led to notable positive deviations, 
suggesting that unsustainable global and local development 
negatively affect the local ecosystem.

Over the past 35 years, during which data on the number 
of registered cars (M) and vehicles (V) in Modena have been 
available, spline analysis reveals that local variables related 
to anthropogenic urban heat– such as urban area extent (A), 
the number of cars (M) and vehicles (V), and global CO2 
concentration (C)– have similar predictive power for local 
temperature (T) and the deviation (DT) of local temperature 
(T) from global temperature (G) (Tables 3 and 4). The fitted 
functions suggest that increases in the number of vehicles 
exert the most significant impact on both local temperature 
and its deviation from the global average (Figs. 7 and 8). 
Although further research is required for reliable validation, 
an order-of-magnitude analysis supports the plausibility of 
this hypothesis (Sect.  3.3). Even if it is assumed that not 
all of the traffic heat release Q contributes to the tempera-
ture increase δT, but is instead partially stored or released 
outside the atmospheric urban roughness sublayer, the order 
of magnitude of δT would still be comparable to the local 
deviations observed in Modena. The order-of-magnitude 
analysis in this section indicates that traffic-induced anthro-
pogenic heat can be a significant contributor, particularly 
when the number of vehicles exceeds the transport system’s 
capacity, leading to congestion. Complex geometries that 
trap incoming radiation are also known to influence the 
urban climate. However, the heat released by traffic, Q, 
may be an additional internal source that is transferred to 
the atmosphere either directly or indirectly after warming 
objects in the urban area. The order-of-magnitude analysis 
serves to verify the physical plausibility of the statistical 
conclusions within the constraints of an annual heat bal-
ance. Daily effects cannot be accurately captured by annual 
variables.

A visual analysis of monthly local temperatures indi-
cates that similar patterns persist across all months of the 
year (Appendix 1, Fig. 18). This observation suggests that 
anthropogenic heat effects that remain relatively constant 
throughout the year (e.g., those associated with vehicle use) 
play a more significant role compared to anthropogenic 
heat effects that exhibit seasonality (e.g., winter heating and 
summer air conditioning). An attempt was made to identify 
the possible impact of the COVID-19 pandemic in spring 
2020 in Italy on monthly temperatures for March and May 
2020, during which a lockdown was imposed, significantly 

GISTEMP anomalies to the local mean temperature for 
that period, using data from the Osservatorio Geofisico di 
Modena. This standard approach assumes temperature sta-
bility during the baseline and is supported by the close match 
between observed and reconstructed values for 1951–1980. 
Adding GISTEMP anomalies to the local mean anchors 
global data to an absolute temperature scale, a widely 
accepted practice in climatology. However, applying global 
anomalies to specific locations assumes uniform warming 
rates, an assumption that may not always hold. Ideally, grid-
point anomalies (e.g., the 1° × 1° cell containing Modena) 
could be used instead. A comparison of global, gridded, and 
local data is presented in Appendix 3. Nevertheless, because 
the study focuses on local deviations from the global mean, 
the global GISTEMP series is preferred over gridded data, 
which inherently include local effects. This approach high-
lights the significance of local temperature trends in rela-
tion to global patterns. A statistical analysis is conducted 
to assess how local temperatures have deviated from the 
global mean over the past two decades. The alignment of 
local and global temperatures during the 1951–1980 base-
line, followed by divergence after 1990, is a central focus of 
this study. The statistical findings support those of Morlini 
et al. (2024), which identified relationships between local 
temperature (T) in Modena and factors such as urbaniza-
tion (A), precipitation (P), and global CO2 levels (C). This 
research extends that analysis by examining deviations of 
local temperatures from global averages and by incorporat-
ing additional variables, specifically the number of cars (M) 
and vehicles (V), to account for anthropogenic heat effects. 
In doing so, it deepens the understanding of how global and 
local factors interact to influence urban air temperature. New 
statistical methods are used to explore these relationships, 
including splines and regression trees. Regression trees are 
also employed to identify change points in the dependencies 
among the multivariate series.

Spline analysis indicates that A (local urbanization) and 
C (global CO2 concentration) provide very similar infor-
mation in predicting T (local temperature) and reveals 
that P (precipitation) is a poor predictor when considered 
alone (Table 1 and Fig. 5). It also shows that A and C have 
a strong, monotonic direct relationship with T for values 
above a certain threshold, approximately 20 km2 for A 
and 325  ppm for C. Notably, these threshold values have 
occurred since 1970 for both A and C. These findings align 
with those of Morlini et al. (2024), which used Buishand’s 
test analysis to identify 1970 and 1965 as change points for 
the C and A series, respectively (Buishand 1982, 1984). The 
new insight provided in the present study is that the shifts in 
the mean of these series mark the onset of the strong direct 
relationship between increases in A and C and the rise in 
T. When analyzing the difference DT (DT = T − G) as the 
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in combination with P (Fig. 12; Table 7) or singly (Fig. 11). 
Positive average predicted deviations are associated with 
A > 36.6 km2 (after 1993) and A > 38.15 km2 (after 1996), 
depending on the method used.

Using the second dataset, which covers the past 36 years 
and incorporates the number of cars and vehicles in Modena 
as variables representing anthropogenic urban heat, the 
best predictor selected varies depending on the method and 
parameters applied. The predictors include A (urban area), 
C (CO2 concentration), or the number of vehicles. Notably, 
regression trees identify new change points in the data for 
recent years. CHAID and exhaustive CHAID detect a shift 
in average temperature for A > 40.8 km2 (Fig.  13), corre-
sponding to years after 2007, or for C > 398.8 ppm (Fig. 14), 
corresponding to years after 2014. The latter change point 
is also identified by the C&RT algorithm (Fig. 15), in com-
bination with the number of vehicles. For predicting the 
difference between local and global temperatures, all algo-
rithms select local variables as the best predictors: A and V 
independently (Fig.  16) or A in combination with P (pre-
cipitation) (Fig. 17). The year when the difference becomes 
positive, indicating that local temperatures surpass global 
averages and the multivariate relationship with other vari-
ables shifts abruptly, is consistently identified as 1996 across 
all methods (A > 37.98 km2, A > 38.15 km2, or V > 134,901). 
These findings align with numerous studies that highlight 
the relationship between urbanization, urban heat (includ-
ing heat generated by traffic congestion), and local warming 
in metropolitan areas worldwide (e.g. Tokairin et al. 2009; 
Mirzaei and Haghighat 2010; Arifwidodo and Chandrasiri 
2015).

5  Conclusions

Climate change poses a significant threat to human safety 
and health through its impact on weather patterns. This 
study investigates changes in annual mean temperature and 
seeks to identify the key variables driving local temperature 
increases in urban environments, with the goal of prioritiz-
ing targeted adaptation actions. Two datasets are analyzed: 
the first spans 1881–2021 and includes local temperature, 
global CO2 concentration, local precipitation depth, and 
local urbanization, while the second, covering 1986–2021, 
also incorporates the number of registered cars and vehicles 
in the area. Preliminary analyses of raw data and first dif-
ferences reveal that linear relationships are spurious, likely 
due to shared positive trends across all variables except 
precipitation depth. To address this, advanced nonlinear 
and nonparametric statistical models, such as cubic splines 
and regression trees, are employed to examine the causes of 
local air temperature increases and the divergence between 

affecting traffic. The difference in monthly temperatures 
between the city of Modena and the surrounding stations 
of Albareto, Castelfranco Emilia, Formigine, and Marzaglia 
shows a temperature variation of about 2 °C throughout the 
year, which was not significantly affected by COVID-19-re-
lated traffic restrictions. However, it is possible that these 
restrictions had a similar impact on temperature measure-
ments in both Modena and the surrounding stations, as traf-
fic congestion could also occur near the stations in Albareto, 
Castelfranco Emilia, Formigine, and Marzaglia. In any case, 
the impact of the COVID-19 pandemic on the presented 
analysis of annual data may have been limited or difficult 
to discern, as traffic restrictions lasted only a few months.

Multivariate analysis using regression trees confirms 
the findings of Morlini et al. (2014) obtained with general 
additive models: the local variable P is useful for predicting 
local temperature only when combined with a global or local 
variable related to development. According to CHAID and 
exhaustive CHAID algorithms, A (urban area extent) is the 
most important feature for predicting T (local temperature), 
whereas C&RT identifies C (CO2 concentration) as the most 
significant feature, with A playing a secondary role (Figs. 9 
and 10, Tables 5 and 6). Notably, A provides the best predic-
tions when used alone, while C requires interaction with A 
to achieve optimal predictions of T. When A ≤ 16.2 km2, the 
expected annual mean local temperature is 13.2 °C. For A 
between 16.21 and 36.6 km2, the mean temperature rises to 
13.52 °C, an increase of 0.32 °C. For A ≥ 36.6 km2, the mean 
temperature further increases to 15.38 °C, representing an 
additional rise of 1.86 °C (Fig. 9; Table 5). Regression trees, 
which model asymmetric nonlinear relationships, suggest 
that the increase in urban area extent is a primary driver of 
local temperature rise. It is worth noting that A ≤ 16.2 km2 
corresponds to years before 1965, A between 16.21 and 
36.6 km2 corresponds to 1965–1993, and A ≥ 36.6 km2 cor-
responds to years after 1993. The years 1965 and 1993 were 
identified as change points for the T series using the Pettitt 
and Buishand tests, respectively (Morlini et al. 2014). In this 
work, these change points are detected through multivari-
ate analysis and mark shifts in the relationship between T 
and other variables. When C is selected as the best predictor 
(Fig. 10; Table 6), a change from C ≤ 363.31 ppm to higher 
values leads to an increase in the average temperature of 
2.23 °C, from 13.3 °C to 15.53 °C. This change in the CO2 
series occurs in 1996, identified as a change point in tem-
perature using the SNHT test (Morlini et al. 2014). In sum-
mary, C is the best predictor of changes in local temperature 
before and after 1996, while A serves as the best predic-
tor for local changes during the periods 1881–1965, 1966–
1993, and 1994–2021. When considering the deviation of 
local temperature from global temperature as the dependent 
variable, all algorithms select A as the best predictor, either 
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their well-known social, economic, and physicochemical 
consequences. Although further research is needed for reli-
able validation, an order-of-magnitude analysis confirms 
the plausibility of this hypothesis. The findings suggest that 
urban areas may experience a ‘fever’ from anthropogenic 
heat effects. Targeted mitigation strategies, such as reduc-
ing traffic congestion, could help address these localized 
impacts.

Appendix 1: Monthly local temperature

Figure  18 presents monthly values of local temperature 
(January–December), highlighting differences between the 
temperature in each month and global (G) and local (T) 
annual air temperatures. Although significant internal vari-
ability exists in local air temperature on a monthly scale, 
the long-term trends of T, G, and monthly values of T are 
similar. A detailed wavelet analysis of the dynamics of local 
changes, the timescales of the periodic components, and the 
local trends of monthly values of T and P, can be found in 
Morlini et al. (2023).

local and global temperature patterns. These methods pro-
vide average predictions that are not influenced by irregular 
fluctuations caused by specific internal climate variability.

The key findings of this study are as follows:

	● Cubic splines and regression trees confirm that local 
urbanization and global CO2 concentration are equally 
effective predictors of local temperature, shifting the fo-
cus to deviations between local and global temperatures 
(Figs. 9, 10, 13, and 14; Tables 1 and 3).

	● The divergence between local and global temperatures, 
along with the faster warming observed locally, is best 
explained by local factors such as urbanization and the 
number of vehicles, either independently or in combina-
tion with local precipitation depth (Figs. 11, 12, and 15; 
Tables 2 and 4).

	● Over the past 24  years (1996–2021), Modena has ex-
perienced a significant increase in local air temperature 
compared to the previous 120 years (1881–1995). The 
disparity between local and global temperature trends 
is primarily attributed to anthropogenic heat generated 
by urbanization and vehicular activity (Figs. 15, 16, and 
17; Table 4).

These findings highlight the environmental impact of urban-
ization and vehicle-related heat effects, which extend beyond 

Fig. 18  Comparison of monthly 
(January–December) and annual 
local air temperature values 
observed in Modena (T) with 
NASA GISTEMP global (G) air 
temperature estimates from the 
Goddard Institute for Space Studies 
(GISS, G)
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Appendix 3: Gridded NASA GISTEMP data

The NASA GISTEMP series used in this study was obtained 
from the official GISTEMP data portal (​h​t​t​p​​s​:​/​​/​d​a​t​​a​.​​g​i​s​​s​.​n​
a​​s​a​.​​g​o​v​​/​g​i​s​t​e​m​p​/) by selecting the Global Mean ​T​e​m​p​e​r​a​
t​u​r​e Land & Ocean Combined dataset (ASCII file: GLB.
Ts + dSST.txt). This series is compared with another derived 
from 1° × 1° gridded data, also available through the GIS-
TEMP portal (​h​t​t​p​​s​:​/​​/​d​a​t​​a​.​​g​i​s​​s​.​n​a​​s​a​.​​g​o​v​​/​p​u​b​/​g​i​s​t​e​m​p​/, 
NetCDF file: gistemp1200_GHCNv4_ERSSTv5.nc), as 
shown in Fig. 20. Modena, located at 44.65° N and 10.92° 
E, falls within the grid cell centered at 45° N and 11° E. 
As expected, the absolute temperatures derived from the 
gridded GISTEMP anomaly data generally fall between the 
global GISTEMP series (G), which represents the global 
average, and the local air temperature observed in Modena 
(T). Because this study focuses on deviations of local tem-
perature from the global mean annual air temperature, the 
global GISTEMP series is preferred over the gridded data-
set, which inherently includes local effects.

Appendix 2: NASA GISTEMP land & ocean 
combined

The NASA GISTEMP series used in this study was obtained 
from the official GISTEMP data portal (​h​t​t​p​​s​:​/​​/​d​a​t​​a​.​​g​i​s​​s​.​n​
a​​s​a​.​​g​o​v​​/​g​i​s​t​e​m​p​/) by selecting the Global Mean ​T​e​m​p​e​r​
a​t​u​r​e Land & Ocean Combined dataset (ASCII file GLB.
Ts + dSST.txt). At least for the purposes of this study, this 
series does not significantly differ from the one obtained by 
selecting the Land-Only Temperature dataset (ASCII file 
GLB.Ts.txt), as shown in Fig. 19. The GISTEMP G series 
represents the global average temperature and, therefore, 
does not account for the fact that land surfaces warm faster 
than seas and oceans due to differences in thermal inertia, 
nor does it consider that different regions of the Earth warm 
at different rates. However, the close match between global 
and local temperatures during the period 1880–1990 sug-
gests that regional differences relative to the global GIS-
TEMP do not play a significant role, at least in determining 
local deviations from the global mean annual air temper-
ature, as analyzed in this study. The visual comparison 
between the GISTEMP Land & Ocean combined series and 
the GISTEMP Land-only series confirms that differences in 
thermal inertia do not play a significant role in explaining 
the local deviations observed in the last two decades.

Fig. 20  Comparison between the NASA GISTEMP global air tempera-
ture (Land & Ocean Combined, G), the GISTEMP global air tempera-
ture for the 1° × 1° grid cell (45° N, 11° E) that includes Modena (44.65° 
N, 10.92° E), and the local air temperature observed in Modena (T). 
The GISTEMP global air temperature series for Modena is obtained 
by adding the average temperature observed in Modena during the 
1951–1980 base period (Tb = 13.38 °C) to the GISTEMP anomaly data

 

Fig. 19  Comparison between NASA GISTEMP global air temperature 
(G Land & Ocean Combined) and GISTEMP global air temperature 
(G Land Only) estimated by the Goddard Institute for Space Studies 
(GISS). Local air temperature observed in Modena (T) is also reported. 
GISTEMP global air temperature series for Modena are obtained by 
adding the average temperature observed in Modena in the 1951–1980 
base period, namely Tb = 13.38 °C, to GISTEMP anomaly data
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