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Urban heat is a growing concern especially
under global climate change and continuous
urbanization. However, the understanding of its
spatiotemporal propagation behaviours remains
limited. In this study, we leverage a data-
driven modelling framework that integrates causal
inference, network topology analysis and dynamic
synchronization to investigate the structure and
evolution of temperature-based causal networks
across the continental United States. We perform
the first systematic comparison of causal networks
constructed using warm-season daytime and
nighttime air temperature anomalies in urban and
surrounding rural areas. Results suggest strong
spatial coherence of network links, especially during
nighttime, and small-world properties across all
cases. In addition, urban heat dynamics becomes
increasingly synchronized across cities over time,
particularly for maximum air temperature. Different
network centrality measures consistently identify the
Great Lakes region as a key mediator for spreading
and mediating heat perturbations. This system-level
analysis provides new insights into the spatial
organization and dynamic behaviours of urban heat
in a changing climate.
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1. Introduction
Residents in cities are routinely exposed to elevated ambient air temperatures in comparison
to their rural counterparts, a phenomenon well known as the canopy layer urban heat island
(UHI) effect [1,2]. This excessive urban heat stress can be further exacerbated by the warming
trend of global climate [3]. In the past few decades, increasing research efforts have focussed
on numerically modelling and/or predicting UHI effects in major cities worldwide, primar-
ily through various urban land surface models (LSMs), among which urban canopy models
(UCMs) are particularly widely used for representing energy and water exchanges in urban
areas [4,5].

Yet, it needs to be pointed out that urban LSMs are essentially process-based, driven by
the physics of momentum, heat and scalar transport in the urban canopy layer through land–
atmosphere interactions. Hence the vast majority of existing urban climate studies are site-spe-
cific or locality-based, typically restricted to local/neighbourhood and city scales [6]. In contrast,
temperature variability and urban heat (along with other related environmental variables such
as air pollution and precipitation) are rarely a local problem. Temperature (and humidity) states
in one urban area can influence or be influenced by conditions in nearby or even remote cities.
This is particularly evident in megacities and large urban clusters where atmospheric transport
and shared synoptic weather patterns contribute to inter-city interactions [7,8].

Inter-city thermal interactions, without doubt, can be implicitly captured (to a certain
degree) by regional weather and climate models incorporating urban LSMs. The strength of
these models lies in their detailed representation of the underlying physics and their ability to
simulate responses to specific atmospheric and surface conditions. However, such process-based
modelling frameworks are inadequate to explicitly reveal the connectivity and directionality
of influences among cities, especially those via relatively long-distance relationships, often
referred to as teleconnections in large-scale climate systems [9,10]. To address this gap, recent
efforts have proposed complex network analysis as an alternative, system-based approach to map
the topology of inter-city connections. In early studies, the effective links between cities in an
urban climate network were initially inferred using statistical correlation measures, such as the
Pearson correlation coefficient [11,12]. Recognizing the limitations and potential spuriousness of
correlation-based links, especially in systems driven by shared external forcing, causal inference
methods, such as convergent cross mapping (CCM), have been introduced into urban climate
network construction [13]. In these causal networks, effective links are measured by causal
skills/influences that are physically more meaningful and interpretable with less spuriousness
[14,15].

The construction of urban climate networks marks a transition towards system-based urban
climate research (UHI effect included). For example, it allows for analysis of explicit topological
features of urban climate maps (networks), such as hub–periphery structure, urban clustering,
community properties and small-worldness [12], which are not readily accessible through
convectional process-based urban climate modelling. In addition, key network metrics have
been shown to predict abrupt and potentially catastrophic changes (critical transitions and
tipping points) in urban climate dynamics, and could potentially serve as early warning signals
that complement traditional statistical indicators such as variance and lag−1 autocorrelation
[16,17]. Recent studies have also leveraged causal networks to identify regional mediators
and meteorological factors that modulate the evolution of extreme urban heat waves [18,19].
Importantly, causal networks provide necessary strata upon which complex system dynamics
operate, where interesting patterns can form, organize and evolve, such as causal emergence
[20], synchronization [12] and system tipping [21]. Nonetheless, system-based approaches are
often inherently data-driven and thus rely heavily on the availability, resolution and quality of
long-term datasets that adequately capture urban climate signals. Furthermore, previous efforts
have not fully explored key aspects of urban climate dynamics, such as urban–rural contrast,
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differences between daytime and nighttime thermal dynamics and the integration of causal and
dynamical systems perspectives.

In this study, we introduce a comprehensive data-driven modelling framework that
integrates causal inference, network topology analysis and dynamic synchronization to
investigate the structure and evolution of temperature-based climate networks across the
contiguous U.S. (CONUS). Specifically, we aim to (i) characterize how network structure and
connectivity differ between urban and surrounding rural areas, and between daytime and
nighttime temperatures; (ii) identify pathways and regions that function as mediators in the
propagation of temperature perturbations; and (iii) assess how synchronization of temperature
dynamics among urban areas has evolved over time. This work represents the first systematic
comparison between urban and rural causal climate networks derived from air temperature
anomalies, which can offer a system-level perspective on the spatial organization, intercon-
nectivity and dynamic evolution of urban heat, with important implications for climate risk
assessment and heat mitigation strategies.

2. Methods
(a) Long-term time series of urban and rural air temperatures
Urban areas in this study are defined as densely populated areas with at least 50 000 inhabitants
according to the U.S. Census Bureau [22]. For each of the 481 urban areas across the entire
CONUS, we delineated the corresponding rural background as a buffer zone equal in area
to the urban extent. To characterize the dynamics of urban heat and its rural counterpart
during the warm season (May–September), we constructed a 40-year (1981−2020) time series
of monthly average daily maximum and minimum near-surface air temperatures using two 1
km resolution datasets. For 2003−2020, we used a global daily dataset that integrates station
measurements with satellite-based observations [23]. For the earlier period (1981−2002), we
adopted the observation-based daily Daymet V4 dataset [24]. Since the Daymet dataset is
known to underestimate urban heat signals [23,25], we further applied a bias correction using
a modified quantile delta mapping method [26] with a three-month moving window for each
day [27], leveraging the overlapping period (2003−2020) between these two high-resolution
datasets. Further details of the bias correction approach can be found in a recent study [28].
The bias-corrected Daymet data were aggregated into monthly averages and merged with the
post-2003 dataset to create a continuous time series. Note that all water bodies and other urban
areas were removed before deriving the spatial averages of air temperature.

We then removed seasonal patterns by subtracting the long-term (40 year) climatological
mean for each warm-season month from the corresponding monthly value for each urban/rural
area. The resulting times series of monthly temperature anomalies serve as the basis for the
subsequent CCM-based causal inference.

(b) Convergent cross mapping-based causal inference
The causal relationships between temperature anomalies were evaluated using the CCM
method. The CCM method aims to detect causal interactions within nonlinear dynamic systems
with weak-to-moderate couplings that are not purely stochastic. Compared to nonlinear
correlation analysis, the CCM method provides as output asymmetrical causal strengths instead
of symmetrical correlation coefficients between two variables, which enables the identification
of directional causality. To determine the causations in dynamic systems, CCM looks for the
signature of one variable in the time series of another variable. Specifically, it examines whether
the time indices of nearby points on the manifold of one variable can be used to identify the
nearby points on the manifolds of another. This can be achieved using simplex projection,
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a nearest-neighbour estimating algorithm that applies exponentially weighted distances in
state-space reconstruction [29].

Based on Takens’ delay embedding theorem [30], the first step of the CCM method is to
reconstruct the state-space trajectories (manifolds) of the variables in a dynamic system using
time-lagged vectors. For X, the vector is given by x(t) = [X(t), X(t–τ), …, X(t–(E−1)τ)], where
τ is the time delay and E is the embedding dimension [29]. The time delay τ is typically
determined based on the average oscillation period of the underlying time series of the targeted
variable, while the value of the embedding dimension E can be obtained using the correlation
integral and dimension method [13,31]. This method selects E as the smallest dimension beyond
which the estimated correlation dimension no longer increases substantially, indicating that the
attractor was sufficiently unfolded. Here, we selected τ = 1 and E = 3 for temperature causal
inference following a previous study [13].

To illustrate the CCM method, we use the canonical Lorenz system, a nonlinear dynamic
system with three coupled variables, X, Y and Z. As shown in figure 1, the manifolds of the
causally coupled variables, MX and MY, are reconstructed from the aforementioned time-lagged
vectors. When causal couplings exist between X and Y, there will be cross-mapping correspond-
ence between MX and MY. Then, we could estimate the time series of X from Y and vice versa.
To make the cross-mapped estimate of X(t), denoted as X t , we first identify the E+1 nearest
neighbours of vector y(t) on the manifold MY, y(t1), y(t2), …, y(tE+1), since E+1 is the minimum
number of points required for a bounded simplex in an E-dimensional space [32]. We use the
time indices of these E+1 neighbours, t1, t2, …, tE+1, to identify the corresponding putative
neighbours in X, which are X(t1), X(t2), …, X(tE+1). The estimated value of X(t) is then calculated
as a weighted average of these E+1 points,

(2.1)X(t) |MY = ∑i = 1
E + 1wi t X ti ,

where the weighting coefficients wi(t) are given by

(2.2)wi t = ui t
∑j = 1
E + 1uj t ,

with

(2.3)ui(t) = exp − d[y(t),y(ti)
d[y(t),y(t1) ,

where d[y(t), y(ti)] is the Euclidean distance between vectors y(t) and y(ti) on MY.
Finally, to measure the causal influence of X on Y, we compute the correlation coefficient

ρ between the estimated time series X t |MY  and the actual time series X(t). This correlation
coefficient, denoted as ρX MY, serves as the causal strength and is calculated as

(2.4)ρX |MY =
E X t − μX ⋅ X t |MY − μXσXσX ,

where E, μ and σ are the statistical expectation, mean and s.d., respectively. The causal strength
from Y to X, ρY MX, is defined similarly. Higher values of ρ indicate a stronger causal relation-
ship between the variables.

We applied the CCM method separately to urban and rural temperature anomalies to
assess the causal relationships among different areas. Specifically, we first conducted causal
analysis over the full 40-year period to detect long-term climatological relationships. We also
performed CCM within each of the 26 15-year moving windows (e.g. 1981−1995, 1982−1996,
etc.) to investigate potential temporal variations.
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(c) Construction of networks based on causal strength
The causal interactions identified through the CCM method can be represented topologically
as directed networks [33], where nodes are individual urban (or rural) areas, and directed
links/edges suggest the presence of causal influence from one area to another. In this study,
we constructed unweighted causal networks by converting CCM-based causal strengths into
binary values. This requires defining a threshold causal strength, ρths, that determines whether
a directed link exists or not. This threshold can be selected based on statistical significance
or network topology [34]. We tested a series of ρths values (figure 2 and electronic supplemen-
tary material, fig. S1) and selected an optimal threshold of 0.7 based on the following two
criteria. First, the threshold value should ensure that the temperature network remains a single
connected component (at least for most of the 15-year moving windows) rather than fragment-
ing into multiple disconnected components. Second, this value should be able to prioritize
local and regional links while minimizing potentially spurious long-distance teleconnections.

Figure 1. State-space reconstruction and causality analysis of the canonical Lorenz system using the convergent cross
mapping (CCM) method: (a) the attractor manifold of the original system (M), (b) the shadow manifold MX for variable X,
(c) the shadow manifold MY for variable Y and (d) cross-mapped estimates of variables X and Y from CCM compared to their
true values. The Lorenz system is governed by dX

dt = 10 Y − X , dY
dt = 28X − XZ − Y , and dZ

dt = XY − 8
3Z, where

t is time. The embedding dimension E = 3, and the time delay τ = 5.
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Mathematically, the status of a directed link from node i to node j, Aij, can be determined
through a Heaviside step function [11],

(2.5)Aij = H ρij − ρths ,

where ρij is the CCM-based causal strength from node i to node j.
All Aij elements form the adjacency matrix A, which can be used to classify links as

unidirectional or bidirectional. A unidirectional link is defined when Aij = 1 and Aji = 0, or vice
versa. A bidirectional link exists when Aij = Aji = 1, which indicates mutual causality between
two areas. While bidirectional links appear as two directed links in the network, they are only
counted once for link statistics in §3c.

To identify the dominant causal relationships in the constructed urban and rural networks,
we define dominant links as those showing stronger causal strengths in one network (urban or
rural) than the corresponding ones in the other network. For example, for each pair of urban
areas i and j, we compare the CCM-based causal strength from i to j in the urban network,ρijurban, with that in the rural one, ρijrural. Then a directed link is considered a dominant link in the
urban network if ρijurban > ρijrural. Similarly, a dominant link in the rural network is defined whenρijrural > ρijurban. Note that if a link exists only in one network (urban or rural), it is considered a
dominant link in that network.

(d) Dynamic synchronization
The dynamic synchronization of the temperature-based causal networks is simulated using
the Kuramoto model [35–37]. The original Kuramoto model was developed to simulate phase
oscillators that interact with one another via sinusoidal coupling on a complete graph with
all-to-all connection. The time evolution of each phase oscillator θi, representing an urban or
rural area in this study, with natural frequency ωi, is given by [35,36]

(2.6)θ̇i = ωi + KN∑j = 1
N sin θj − θi ,

where the factor of 1 /N is incorporated to ensure the convergency of the model at the ther-
modynamic limit of N ∞, N is the number of nodes and K is the coupling parameter that
represents the strength of interaction between a pair of nodes.

To capture the dynamic synchronization in a real network, instead of a complete graph, the
original Kuramoto model is modified to incorporate the adjacency matrices of realistic network
connectivity [37–39],

(2.7)θ̇i = ωi + σK∑jAijsin θj − θi ,

where σΚ is the coupling strength. The original Kuramoto is recovered by setting σΚ = K/N andAij = 1, ∀i ≠ j.
The intrinsic frequency ω usually follows a unimodal, symmetric probability density

function g ω , centred around a mean frequency Ω (e.g. the dominant diurnal frequency of
temperature variations). Without loss of generality, we set Ω = 0 given the rotational symme-
try, such that g ω = g − ω . Here, we specify that g ω  follows a random Lorentzian/Cauchy
probability density function,

(2.8)g ω = γ
π γ2 + ω2 ,

where γ is the scale parameter.
To describe the steady state to which the temporal evolution of a causal network will

converge, we define a complex order parameter r that measures the system dynamics of all
nodes [37],
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(2.9)r t eiϕ t = 1N∑j = 1
N eiθj t ,

where 0 ≤ r ≤ 1 measures the phase coherence of all nodes, with r = 0 indicating complete
incoherence and r = 1 suggesting phase locking, and ϕ is the average phase. More interestingly,
real-world networks often settle into a steady state with 0 < r < 1 in which a subset of oscillators
synchronize while others remain drifting. This behaviour is analogous to criticality or phase
transitions in complex systems [40].

Using the order parameter defined above, the original Kuramoto model reduces to [37]

(2.10)θi˙ = ωi + Krsin ϕ − θi .

A critical coupling strength Kc exists, above which the network transitions to a synchronized
state. The value of Kc, as a function of g ω , can be analytically determined by the self-consis-
tency condition [41],

(2.11)Kc = 2
πg 0 .

In the case of the modified Kuramoto model for a real complex network, i.e. equation (2.7),
finding the critical coupling strength is more challenging, and analytical solutions for Kc are in
general intractable. As a result, in this study, we determine Kc empirically through sensitivity
experiments (figure 3a).

Beyond the order parameter r, the converged states of dynamic synchronization can also be
described using the network (system) potential υ [42],

Figure 2. Temperature-based 40-year causal networks constructed based on (a) urban maximum air temperature, (b) urban
minimum air temperature, (c) rural maximum air temperature and (d) rural minimum air temperature with a causal strength
threshold of 0.7.
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(2.12)υ = 4N2∑i∑j > isin2 θj − θi
2 .

This measure is normalized by the factor 4 /N2 to 0 < υ < 1, which provides an alternative
representation of synchronization. By taking the partial derivative, the ordinary differential
equation of Kuramoto model can be re-constructed as [42]

(2.13)θi˙ − ωi = − KN2 ∂υ
∂θi .

Analytically, it has been shown [12] that the order parameter r and the system potential υ are
related by

(2.14)υ + r2 = 1.

This suggests an inverse relationship between r and υ: as synchronization and order
parameter r increase, the system potential υ decreases and vice versa. In other words, math-
ematically, equation (2.13) represents a gradient system, where υ represents the potential energy
of the synchronization basin with a coupling strength of K [43].

Figure 3. Synchronization of causal networks simulated using the Kuramoto model: (a) order parameter r as a function of
the coupling parameter K, and the temporal variability of system potential υ for networks with K = 10 based on (b) urban
maximum air temperature, (c) urban minimum air temperature, (d) rural maximum air temperature and (e) rural minimum
air temperature. The dashed lines in (b)–(e) are linear regression fits to system potential.
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(e) Centrality measures
Centrality quantifies the importance of each node (urban or rural area herein) based on its
position and topological relationships with other nodes in a network [33]. Centrality analysis
can help distinguish nodes and regions that play a dominant role in shaping the structure and
dynamics of temperature causal networks. Here, we adopted PageRank centrality to quantify
the relative importance of each urban/rural area. PageRank centrality was originally developed
to rank web pages based on the structure of hyperlinks [44]. The PageRank centrality of a node
depends on both the number of nodes that link to it (i.e. incoming links) and the PageRank
centrality of these nodes. Therefore, in a causal network, a node receives a high PageRank
centrality value if it is causally influenced by many other influential nodes. PageRank centrality
of node i, PRi, can be calculated iteratively as [44]

(2.15)PRi = 1 − dN + d∑j PRjkjout ,

where d is the damping factor that is typically set to 0.85 and kjout is the out-degree of node j that
links to node i.

We also used another centrality measure, DomiRank centrality [45], to assess node impor-
tance in our networks. Unlike PageRank centrality, DomiRank centrality measures a node’s
dominance over its immediate neighbours. As a result, A high DomiRank centrality value
suggests that a node is surrounded by less influential nodes. Compared to other centrality
measures, it has been demonstrated to be more effective in identifying critical nodes whose
removal (i.e. targeted attacks) would effectively disrupt network structure. The DomiRank
centrality of node i, DRi, in an unweighted network is defined as the steady-state solution of the
following dynamical process [45]:

(2.16)dDRi t
dt = α∑j δ − DRj t − βDRi t ,

where DRj is the DomiRank of node j connected to node i, α is a proportionality constant
representing the degree of competition among neighbouring nodes, β is a constant representing
the rate of natural relaxation and δ is the threshold for domination. Equation (2.16) can be
recursively solved. Without loss of generality, we set η = αβ , β = 1 and δ = 1 [45], which leads to
the following discrete-time update rule:

(2.17)DRi t + Δt = DRi t + Δt η∑j 1 − DRj t − DRi t .

An optimal η value is numerically selected as the one that generates the most effective attack
and leads to the largest fragmentation of the network.

3. Results and discussion
(a) Structure and evolution of causal networks
As shown in figure 2, the 40-year causal networks constructed based on air temperature in
urban and rural areas exhibit a strong prevalence of bidirectional causal relationships, a sign
of widespread mutual interactions among different areas. Bidirectional links account for 86.2%,
86.9%, 86.4% and 87.2% of all connections in the networks based on urban maximum tempera-
ture, urban minimum temperature, rural maximum temperature and rural minimum tempera-
ture, respectively. Note that here two directed links between the same pair of nodes are counted
as one, as mentioned in §2c. In addition, urban and rural networks based on minimum air
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temperature contain approximately 26% more links than their maximum temperature counter-
parts. This suggests a relatively stronger spatial coherence for minimum air temperature.

For spatial patterns, higher concentrations of causal links are observed in the eastern and
western U.S., with far fewer links in the central part of the country. The highest densities of
causal links appear around the Great Lakes and northeastern U.S., where both urban and rural
areas exhibited strong temperature interdependencies. The comparison among networks based
on different causal strength thresholds (figure 2 and electronic supplementary material, fig.
S1) reveals a clear hierarchical structure [8,12,46]. With increasing threshold values, weaker,
long-distance connections spanning multiple states disappear (e.g. links between southern
California and Colorado). However, certain clusters with strong intra-regional connections
remain even under very high threshold values, especially in California’s Central Valley, the
Great Lakes region, the upper Southeast and northeastern U.S. (electronic supplementary
material, fig. S1c,d). This persistent regional coherence implies high-strength causal interactions
that are driven by shared background climates and similar land–atmosphere interactions, while
also partially influenced by the spatial distribution of nodes.

Despite year-to-year variations, the structural characteristics of 15-year urban and rural
causal networks (electronic supplementary material, figs. S2–S5) generally remain consistent
over time, with patterns resembling those of the 40-year networks. Nevertheless, the total
number of causal links increased over time (electronic supplementary material, fig. S6),
especially for those based on urban minimum air temperature, signalling a progressive
strengthening of interdependency in temperature dynamics among different areas [47]. This
trend is probably influenced in part by the intensifying UHI effect, as continued urban
development has led to similar changes in surface energy balance characteristics, such as
increased heat retention. As a result, warming patterns have become more similar across cities,
increasing the causal connectivity across networks. This enhanced connectivity is also reflected
by the transition from fragmented networks with multiple components in earlier years to those
with a single connected component in recent years. To quantify this transition, here we use the
average shortest path length of the largest component in the causal network, which measures
the average number of hops along the shortest paths for all pairs of nodes [33]. For all four sets
of 15-year networks, the average shortest path length has experienced a statistically significant
(p < 0.1) decline over time (table 1).

Interestingly, all causal networks analysed in this study have an average shortest path length
of approximatley 5, a characteristic of the small-world effect that has been observed in many
real-world networks [48,49]. This characteristic implies that temperature anomalies among
urban (or rural) areas are not only closely interconnected, but can also efficiently propagate
across the network with few intermediate steps. Similar co-existence of local clustering and
global connectivity has been reported in a previous study using correlation-based networks
among U.S. cities [12].

(b) Characteristics of dynamic synchronization
In this study, we assume that the initial phases of all oscillators (n = 481) in the Kuramoto model
follow a random Lorentzian distribution as specified in equation (2.8), with γ = 0.5. The critical
coupling strength is empirically determined, as shown in figure 3a. Results suggest that whenK > Kc ≅ 8.5, all temperature-based networks become uniformly synchronizable, with the order
parameter r stabilizing around 0.75. As a result, we set K = 10 for all subsequent simulations.

Figure 3b–e shows the temporal evolution of the system potential υ for the four sets of causal
networks constructed using 15-year moving windows. Overall, υ values range between 0.35 and
0.58, showing a decreasing trend over time for all cases. In comparison, the base potential υ0,
with the initial phases of all oscillators ωi following the random Lorentzian distribution, is 0.60
for all networks. This indicates that the Kuramoto model predicts convergence of the major
components of all causal networks towards synchronized states rather than drifting away. In
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general, networks based on maximum temperature anomalies for both urban and rural areas
exhibit more significant decreasing trends in υ than their minimum temperature counterparts.
This implies that the most critical daytime thermal environment of CONUS cities (and their
rural surroundings) is becoming increasingly synchronizable, potentially driven by enhanced
long-range and synoptic-scale advection. In other words, this reflects a stronger tendency for
urban areas to respond in a coordinated manner to large-scale temperature perturbations,
which may contribute to more widespread extreme heat events. In contrast, the nocturnal
thermal environment remains relatively ‘localized’, owing to the suppression of turbulent
transport at night [50].

In addition, the decrease in network potential υ (hence the increase in order parameter
r) over the 40-year period suggests that interactions among CONUS cities in the causal
networks are strengthening and approaching a more synchronized state. This suggests the
potential influence of changes in regional to global climate patterns, as supported by recent
findings that the variability of causal strengths in urban hydroclimate networks agrees well
with global climate oscillations such as El Niño–Southern Oscillation [51]. This ubiquitous
trend of increasing synchronizability has a profound implication for the emergence of future
urban climate patterns in the U.S. A possible consequence is the potential increase in the
frequency/intensity of climatic extremes. For example, heat waves may begin to affect more
cities simultaneously with greater severity, owing to the enhanced synergy (and therefore
synchronization) of temperature dynamics across the urban climate network [12].

(c) Temporal evolution of dominant links
The temporal evolution of dominant links in urban and rural networks suggests distinct
patterns over the past four decades (figure 4). The total number of rural dominant links
remains relatively stable, with only a slight decrease in bidirectional ones, especially after
the late 1990s (around 1998−2000). In comparison, the total number of urban dominant links
increases over time, a trend that holds for both unidirectional and bidirectional ones. As a
result, while urban dominant links were initially fewer than rural ones, they surpassed them
around 2004. These trends suggest that urban areas are increasingly interconnected in terms of
dynamics in temperature anomalies. This is a collective result of similar urban surface energy
partitioning and, in particular, enhanced nocturnal UHI effect, consistent with the more rapid
urban warming than rural surroundings observed in previous studies [52,53].

This growing interdependency among urban areas also indicates that cities exert increas-
ingly strong causal influences on one another over time. A recent study demonstrates that
megacities are not only causally connected with other cities but can also act as pacemakers that
regulate the structure of urban climate networks during heat waves [18]. Therefore, in climate
analysis, urban areas should be treated as components of larger, dynamically linked networks
rather than isolated entities. Similarly, regionally coordinated urban heat mitigation approaches
are needed to account for the spatially interconnected nature of urban heat dynamics. With

Table 1. Average shortest path length of the largest component of the causal networks.

urban maximum
air temperature

rural maximum air
temperature

urban minimum air
temperature

rural minimum air
temperature

40-year causal networks 5.08 4.53 5.17 4.83

15-year causal networks 5.24 ± 0.56 5.26 ± 0.54 4.90 ± 1.08 4.91 ± 1.07

trend in 15-year causal
networks (year–1)

−0.034 (p = 0.015) −0.026 (p = 0.065) −0.067 (p = 0.015) −0.085 (p = 0.001)

11

royalsocietypublishing.org/journal/rsta 
Phil. Trans. R. Soc. A 383: 20250041



continuous urbanization and climate change, such collaborative planning at regional scales will
become increasingly necessary for reducing urban heat risks.

(d) Patterns of network centrality
PageRank centrality analysis identifies three key regions with consistently stronger influence
across all four 40-year causal networks (figure 5): the Great Lakes region, California’s Central
Valley and north Texas. This regional patterns align with those observed in previous event-
based urban climate networks constructed based on hourly temperature data [18], suggesting
that these regions may serve as major hubs of causal influence for temperature anomalies.
However, differences exist between maximum and minimum temperature-based networks. The
Great Lakes region and north Texas show higher normalized PageRank values in maximum
temperature-based networks, whereas Central valley has relatively higher values in minimum
temperature-based ones. This discrepancy is potentially due to the differences in daytime and
nocturnal land–atmosphere interactions and boundary-layer dynamics. For example, the higher
PageRank values for minimum temperature-based networks in Central Valley may reflect the
role of nighttime heat retention and topography in this agriculturally intensive region [54,55].

DomiRank centrality based on 40-year causal networks exhibits a slightly different spatial
pattern (electronic supplementary material, fig. S7). While it also suggests the Great Lakes
region as a key area, DomiRank centrality results bifurcate this region into two distinct zones.
This is mainly because of the DomiRank centrality’s implicit competition mechanism, which can
produce more disparate centrality values among connected nodes compared to PageRank [45].
The consistency between these two centrality measures further highlights the importance of the
Great Lakes region. In fact, this region has been suggested to function as a causal gateway that
spreads and mediates perturbations of heat, drought and precipitation [13,34,56]. This is also
evident in figure 2, where the Great Lakes region is much more densely connected than other
regions. In addition, unlike PageRank that remains stable across all 15-year networks, DomiR-
ank centrality shows a greater year-to-year variability, which leads to slight differences between
the 40-year network results and the long-term averages of the 15-year networks (electronic
supplementary material, figs. S8 and S9). Nevertheless, the Great Lakes region remains a
dominant feature that regulates urban heat interactions in all 15-year networks.

Figure 4. Number of dominant links in the 40-year and 15-year networks based on (a) maximum air temperature and
(b) minimum air temperature.
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4. Conclusions
In this study, we investigated the structure and dynamics of causal networks constructed based
on maximum and minimum air temperatures during warm seasons in CONUS urban areas and
their rural backgrounds. The spatial distribution of directed links in networks suggests stronger
spatial coherence during nighttime, with the highest densities of causal links in the Great Lakes
region and northeastern U.S. In addition, networks have become increasingly dense over time,
especially those based on urban minimum air temperature. This strengthened interdependency
in temperature dynamics among different areas is probably influenced by the intensified UHI
effect. All networks exhibit the small-world effect with co-existence of local clustering and
global connectivity, which allows temperature perturbations to propagate efficiently across
different areas. Our dynamic synchronization analyses demonstrate the increasing synchroniz-
ability among urban areas, particularly in networks based on maximum air temperature. The
evolution of dominant links in urban and rural causal networks reveals that urban areas are
increasingly interconnected in terms of temperature anomalies, owing to both similar urban
surface energy balance characteristics and enhanced nocturnal UHI effect. Network central-
ity measures further highlight the Great Lakes region as a key mediator for spreading and
mediating heat perturbations.

We acknowledge that the similarity between urban and rural networks may result from
the effect of urban areas on their immediate rural surroundings, especially when using air
temperature influenced by advection. Nevertheless, the selection of immediate rural surround-
ings here remains a practical and reliable approach for minimizing the confounding effects of
topography. Our analysis also depends on the quality and spatial resolution of the underlying

Figure 5. Normalized PageRank centrality for 40-year causal networks constructed based on (a) urban maximum air
temperature, (b) urban minimum air temperature, (c) rural maximum air temperature and (d) rural minimum air
temperature. Centrality values in each network are normalized using maximum and minimum values.
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air temperature dataset, and the use of monthly anomalies may smooth out daily to sub-
daily processes that are more relevant for characterizing urban heat exposure and informing
mitigation. Despite these limitations, the findings of this study emphasize the importance
of considering urban areas and their rural surroundings as dynamically linked systems in
climate analysis. For megacities with high centrality (e.g. Chicago), synchronized temperature
dynamics with surrounding areas may exacerbate heat stress experienced by nearby cities. In
addition, this interconnectivity highlights the potential for heat mitigation strategies implemen-
ted in one city to influence nearby areas, suggesting the need for coordinated planning at
metropolitan and regional scales to maximize benefits. While this study demonstrates the
feasibility of the data-driven modelling framework, translating these insights into climate-sen-
sitive design and decision-making will require sub-city scale analyses and integration with
numerical simulations of specific heat mitigation strategies. It is important to note that, given
the overall relatively stagnant urbanization rate in the U.S. in the past decades, we speculate
that the observed increase in synchronizability is more attributable to changes in background
climate than by urban expansion and/or increased urban anthropogenic activities. Therefore, it
would be of great interest to apply this data-driven modelling framework to rapidly urbanizing
regions, such as China, India and major African cities.
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