
1.  Introduction
Climate change and seasonal variability have increased extreme events (e.g., drought and heatwave) in 
a warming world (Konapala et al., 2020; Mukherjee & Mishra, 2020). Major heatwave (HW) events have 
caused a significant socio-economic loss (Horton et al., 2016) in different regions around the world, such 
as Europe (2003), Russia (2010), South Asia and Middle East (2015), Southeast Asia (2016), and the recent 
HW in Chicago, USA (2019). Besides, HW immensely contributes to the increased mortality and morbidity 
(Anderson & Bell,  2009; Fuhrmann et  al.,  2016; Gasparrini et  al.,  2015), wildfire events (Shaposhnikov 
et al., 2014), loss in crop yield (Wegren, 2011) and infrastructure damage (García-Herrera et al., 2010) along 
with several other adverse effects (Battisti & Naylor, 2009; Schlenker & Roberts, 2009). Nonetheless, current 
mean global-scale warming is highly likely to amplify heatwave characteristics, such as magnitude, fre-
quency, and duration (Coumou & Robinson, 2013; Coumou et al., 2013; Horton et al., 2016).

Multiple studies have investigated the USA's heatwave characteristics (Smith et al., 2013), prediction (McK-
innon et al., 2016), climatology in the context of past, present, and future scenarios (Chapman et al., 2019; 
Grotjahn & Huynh, 2018; Lyon & Barnston, 2017; Schoof et al., 2017; Vogel et al., 2020; Wobus et al., 2018), 
spatial variability (Deng et al., 2018; Keellings & Moradkhani, 2020) along with attribution studies (Chiriaco 
et al., 2014; Durre et al., 2000; Liao et al., 2018; Lorenz et al., 2010; Zhao et al., 2019). However, to the best 
of our knowledge, no prior studies investigated spatial dependency (or synchronization) and propagation 
of heatwaves and their associated mechanisms. Explicit knowledge of such spatial relationships shared 
by heatwaves is crucial for better estimation of predictability and high-end risks imposed by such extreme 
events (Horton et al., 2016).

Abstract  Quantifying the dynamical linkage, co-evolution, and propagation of regional heatwaves is 
essential to minimize socio-economic losses. Here, we investigate such network structure and propagation 
characteristics for warm period (May–September) heatwaves over Conterminous United States using a 
complex network approach based on daily maximum temperature. The concept of Event Synchronization 
(ES) is applied to identify the source and sink regions primarily responsible for heatwave propagations 
and the strength of association between these regions. The network coefficients are derived to evaluate the 
extremal dependence, co-evolution, and spatial propagation of large scale heatwavc events. The topology 
and propagation of heatwaves are influenced by the spatial distribution of the zonal and meridional air 
mass transport. Furthermore, we demonstrated the application of ES metrics and the network coefficients 
for heatwave days prediction between source and sink regions with true positive rate of 63% at a lead time 
of 2 days.

Plain Language Summary  The large scale heatwave events have become very common 
over the Conterminous United States. The examples include heatwave events in Chicago and the Gulf 
coastal plains (2019 and 2020) and the recent ongoing extreme heat event in California (August 2020). The 
United States incurs significant socio-economic losses and health problems due to exposure to heatwaves. 
Under climate change, such heatwaves are likely to increase in different parts of the world, leading to 
increased socio-economic impacts. We apply complex network analysis to understand the USA heatwaves’ 
regional connectivity and the underlying physical mechanisms. The derived information is essential in the 
forecasting of heatwaves.
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Recently, the complex structure of climate systems are investigated by implementing the CN based algo-
rithms (Boers et al., 2013; Konapala & Mishra, 2017; Malik et al., 2012; Mondal et al., 2020); for example, 
analysis of extreme summer precipitation (Boers et  al.,  2013; Mondal et  al.,  2020), and drought events 
over USA (Konapala et al., 2017). In this study, the concept of CN coefficients and event synchronization 
algorithms are applied to investigate extremal dependence, co-evolution, and spatial propagation of HW 
events. The objectives of this study are: (a) to map the topology of synchronization (dynamical similarity), 
spatial distribution, and propagation of HWs over the Conterminous United States (CONUS), (b) to identify 
the source and sink regions that control heatwave propagation, and (c) to illustrate the applications of CN 
metrics to quantify the direction of propagation and prediction of heatwaves.

2.  Data
The CPC Global Unified Gauge-Based Analysis of daily maximum temperature (T-max) data (Sun 
et al., 2018) for 1979–2018, provided by the NOAA/OAR/ESRL PSD, USA at a spatial resolution of 0.5° x 0.5° 
is used in this study. The CPC data have key advantages, such as it displays less bias in representing extreme 
values compared to the Parameter-elevation Regressions on Independent Slopes Model (PRISM) data set 
(Behnke et al., 2016), and it has higher station density over CONUS (Sun et al., 2018). Additional variables, 
such as 1,000 and 500 mb geopotential height, zonal, and meridional wind components were obtained from 
the NCEP/NCAR Reanalysis 1 data (Kalnay et al., 1996).

3.  Methodology
3.1.  Heatwave Events

Multiple HW definitions exist in the literature; however, they all represent a continuous period of elevated 
temperature (Perkins, 2015). This study defines heatwave for each grid-location as a period (3 consecutive 
days) when the daily maximum temperature exceeds calendar day 90th percentile during the warm periods 
of the considered years 1979–2018. The 90th percentile is calculated based on the daily maximum tem-
perature, centered on a 15-day window (Schoof et al., 2017). In this study, we selected a relative threshold 
(Alexander et al., 2006; Perkins et al., 2012) instead of an absolute threshold to preserve physical extremes 
of locations having completely different climatological settings. We selected a minimum number of three 
consecutive hot days to define a heatwave event (Meehl & Tebaldi, 2004; Russo et al., 2014).

3.2.  Event Synchronization Approach and Complex Network Analysis

The event synchronization (ES, Quiroga et al., 2002) measures the magnitude of synchronization by count-
ing the number of temporally coinciding HWs after allowing a possibility of a dynamic delay between any 
two grid locations i and j. The concept of ES can quantify the space-time dynamics of extreme natural events 
by coupling the lagged occurrence of extreme events at different locations. The concept of ES has previously 
been applied in climate-extreme related researches, such as extreme precipitation events (Boers et al., 2013; 
Mondal et al., 2020), drought propagation (Konapala & Mishra, 2017), and streamflow analysis (Sivakumar 
& Woldemeskel, 2014).

In the present study, the synchronization and delay (Table S1) values for all pairs of grid points are cal-
culated using ES metric (Quian Quiroga et al., 2002) by selecting only 5% of the strongest values (of high 
statistical significance; Text S1) to form the connections between grid points. Two different types of com-
plex networks (undirected and directed) were derived based on the synchronization and delay matrix by 
considering that every grid point act as a vertex of the complex network. At the same time, the connections 
between them represent the edges (Mondal et al., 2020). An undirected CN consists of all the vertices and 
pairwise relationships where each connection signifies synchronization in HW occurrences between the 
two connected grid-locations without presuming any sense of direction. A directed CN comprises connec-
tions among the grid-locations where every relationship is based on the delayed time occurrence (or delay) 
among the connected nodes. The direction is significant to capture the spatial propagation of HWs along 
with the underlying driver meteorological processes.
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Based on the undirected CN, four network coefficients were derived, namely degree centrality (DC), be-
tweenness centrality (BC), clustering coefficient (CC), and mean synchronized distance (MSD). Similarly, 
from the directed CN, we derive three network coefficients: network divergence (ND), inward orientation, 
and outward orientation. The detailed illustration of ES, the complex network methodology, the defini-
tions, and the derivation of network coefficients provided in Text S1. A concise and brief description of the 
network coefficients (Mondal et al., 2020) is presented in Table S1. The finite spatial embedding approach 
generally applied for boundary connections are discussed in Text S2, and the spatial plots for the network 
coefficients corresponding to boundary connection are provided in Figures S1–S3.

4.  Results
4.1.  Overview of Heatwave in CONUS

We provide the spatial distribution of the long-term mean (1979–2018) of a 3-day moving average of annual 
maximum temperature (3d-AMT) to determine the likelihood of possible maximum annual extreme events 
over CONUS. The 3d-AMT varies from 20°C to 48° in the southwest (Figure 1a). The decreasing tendency of 
temperature with increasing latitude is prominent, although the Northern Great Plains and Midwest region 
display high values (>36°C), indicating possible amplification of temperature extremes in these regions. 
The atmospheric humidity plays a distinctive role in the spatial variability of extreme temperature through 
partitioning downward solar radiation into sensible heat. Such behavior results in more amplification of 
day-time temperature in the arid southwest than humid Southeast, although both are in the same latitude. 
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Figure 1.  Warm-time (May–September): (a) 3-day moving average of annual maximum temperature (3d-AMT), (b) trends associated with the 3d-AMT, (c) the 
average number of heatwave days (ANHWD), and (d) Variance of ANHWD or Interannual variability of heatwave days for the period of 1979–2018.
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Furthermore, in transitional climate regions (e.g., Texas and California), the soil-temperature coupling can 
play a decisive role in day time temperature amplification (Miralles et al., 2012; Seneviratne et al., 2010).

We investigated the trends associated with the 3d-AMT (Figure 1b) for grid-locations over CONUS using 
Sen's Slope method (Perkins et al., 2012; Sen, 1968). Overall, positive trends (>0.09 Celsius/Year) are ob-
served over CONUS with comparatively higher values clustered around the geographical regions located 
from West of Texas to Southern California, Oregon, and Washington. Few regions located in the Midwest 
and Southeast display negative trends (<−0.04 Celsius/Year). The negative trend in temperature extremes 
in the Southeast has been reported in previous studies (Alexander et al., 2006; Coumou et al., 2013), often 
known as “Warming hole.”

The average number of heatwave days (ANHWD) over the CONUS varies from 10 to 28 days (Figure 1c) 
during the warm period. Heatwave days are comparatively more frequent in the northern half of the CO-
NUS. However, a higher number of heatwave days (>20 days) can be observed over the west coast of Cali-
fornia, Southwest, and southwest Florida. Similar high ANHWD can be observed near Michigan Lake and 
far northeastern regions of the CONUS. The low values of ANHWD can be observed in the regions located 
in South-Central parts of CONUS extending from the South of Texas. The possible reason for a smaller 
number of ANHWD is due to the higher temperature thresholds for defining the heatwave event and higher 
interannual variability between the number of heatwave days between 1979 and 2018 (Figure 1d). Due to 
the highest interannual variability, the number of heatwave days can substantially increase in a particular 
year over these regions. It is probably due to summer heatwaves' strong dependence on soil-temperature 
coupling observed in this region (E. Lee et al., 2016; Miralles et al., 2012). The detailed definition of 3-d 
AMT and ANHWD is present in Table S2.

Clearly, the spatial patterns of temperature extremes (heatwaves) evolve in clusters. We investigated the 
spatial association among heatwaves over CONUS using complex network analysis in the following section.

4.2.  Complex Network Analysis of Heatwave

4.2.1.  Degree Centrality

In Network Science, the DC signifies the number of grid-points displaying synchrony corresponding to an 
event's occurrence with respect to a given node (Mondal et al., 2020). In this study, the DC of a grid-location 
indicates the number of its neighbors experiencing simultaneous HW occurrences within the maximum 
time lag of 3 days. Previous network studies have found that a high degree (Olivares et al., 2013; Pazouki 
et al., 2014) nodes may act as “hub or supernode” (Tsonis et al., 2006). In terms of climate science, such hubs 
can be responsible for teleconnections and large-scale communication, which are critical for any complex 
network structure and dynamics (Pei & Makse, 2013).

Most of the higher DC grids are concentrated on the northern half of the CONUS (Figure 2a). Highest DCs 
are observed near Michigan Lake and the Northwest part of CONUS, whereas the lowest DCs are concen-
trated near the coastal region of CONUS. Heatwaves in the coastal zone are extremely localized and may 
be poorly associated with underlying physical linkages in the inland heatwaves. This may be feasible as 
inland thermal low may limit the sea-land breeze to travel far distant into the interior land regions (Y. Y. 
Lee & Grotjahn, 2016). However, the westerly wave fluxes and the dominant subsidence condition may lead 
to sustained heating and horizontal advection of heat (Y. Y. Lee & Grotjahn, 2016) in the coastal regions in 
the western United States. This may lead to the propagation of heatwaves to a large extent of inland areas. 
Detection of such influence can be confirmed if such regions also display low CC and high BC. Previous 
climate-network studies (Donges et al., 2009b) have termed such locations with low DC and high BC as 
“Bottleneck of energy flow.”

The spatial connection between regional heatwaves can be explained by dominant meteorological variables 
associated with regional DCs. For example, the higher DC in the midlatitude can be explained by its ten-
dency to experience the meandering of the westerly jet stream, which splits upper-level atmospheric winds 
(Pfahl & Wernli, 2012). This forces the downwind region blocked from the zonal jet stream flow (Pezza 
et al., 2012). Such a semi-stationary pressure ridge can substantially decrease local weather variability and 
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provide ample time for heatwaves to build up over a vast region (Meehl & Tebaldi, 2004). Similarly, the heat-
waves in the southern half of CONUS can be attributed to warm-period continental-wards oscillatory move-
ment of the subtropical ridge over the Atlantic and Pacific along with the progression of the Warm-period 
(Figure S4), termed as “persistent highs” (Marshall et al., 2014), which is typically located 5°–10° equator-
ward from the location of blocking highs (Perkins, 2015). To ascertain the physical mechanism associated 
with different DC values over CONUS, we first choose two different grid-location with very high and low DC 
(Figures S5a–S5b). We further calculate 500 mb geopotential height and zonal wind anomaly corresponding 
to the days when each grid location is synchronized with more than 90% of its connections (Text S1). We ob-
serve that corresponding to the high DC location (Figure S5a) there is a prominent high-pressure anomaly 
over the same region (Figure S5e) blocking zonal airstream over western half of CONUS (Figure S5f). The 
high-pressure anomaly is much weakened in the case of the low DC (Figure S5b) location and is present 
mainly over California (Figure S5g). Furthermore, the 500 mb zonal air mass transport in the midlatitude 
is not blocked (Figure S5h), with its negative anomaly mostly centers over the considered grid-location.

4.2.2.  Mean Synchronized Distance

The spatial distributions of the synchronization-scale of heatwaves over CONUS are quantified based on 
the MSD (Figure 2b). The synchronization scale refers to the distance beyond which a grid point does not 
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Figure 2.  (a) Degree Centrality (DC), (b) Mean Synchronization Distance (MSD) (in km), (c) Clustering Coefficient (CC), and (d) Betweenness Centrality (BC). 
These network coefficients are derived based on the undirected complex network.
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display any significant synchronization in the occurrences of heatwaves. In other words, the MSD of any 
grid-location implies the average spatial scale of heatwave occurrences.

The distribution of MSD is spatially correlated with the degree centrality (Figure S6), and the higher values 
are mostly located in the northern half of CONUS. The higher values of MSD observed over the Northern 
part of CONUS often result in more significant spatial scale events. This further validates the influence of 
blocking high on the heatwaves over this region (Meehl & Tebaldi, 2004; Pfahl & Wernli, 2012). Similar to 
DC, the highest values of MSD are positioned surrounding Michigan Lake and in the Northwest region. 
These regions may act as clusters of hubs or supernodes (Konapala & Mishra, 2017; Tsonis & Roebber, 2004; 
Tsonis et al., 2006) such that heatwave conditions over these regions may render a large area of CONUS vul-
nerable to heatwaves. One can attribute the higher mortality rate in the Midwest region (Anderson & Bell, 
2011; Whitman et al., 1997) to this combination of large spatial scale and high peak amplitude of heatwaves 
(Figure S7).

4.2.3.  Clustering Coefficient and Betweenness Centrality

The CC captures the extent of interconnectivity among the neighbors connected to the node (Mondal 
et al., 2020). It can be interpreted as the heatwaves occurring in the regions with a higher magnitude of CC 
are more likely to be spatially connected to its immediate neighbors and would seldom propagate to farther 
areas. On the other hand, BC represents the amount of information propagating through a specific node of 
a CN system. The importance of a node (i.e., geographical location) within the global topology of the CN 
system can be determined based on the magnitude of the BC (Donges et al., 2009a).

The strongest CC and the lowest BC values can be observed over North American Cordillera's high alti-
tude areas (Figures2c and d). It indicates the presence of extremely localized heatwaves (high CC) in the 
high mountain ranges of the Rockies, Cascade, and the Sierra Nevada, which synchronize less with distant 
neighbors (low BC and lesser MSD in comparison to its adjacent areas). On the other hand, high BC and low 
CC values can be observed over the West coast, especially at three sites: West of Washington, Northwest, and 
Southwest of California. In the previous studies, the latter two locations have been observed to propagate 
heatwaves into many inland regions of the western USA, such as California Central valley (Y. Y. Lee & Grot-
jahn, 2016). In contrast, the Northwest's heatwaves primarily emerge from the Northeastern flank of the 
Pacific ridge positioned at the west and Northwest of Washington during the warm period (Figure S4). In-
terestingly, these locations also display low DC indicating a large amount of heatwave propagation through 
a few linkages, often known as the bottleneck of energy flow (Donges et al., 2009a).

4.2.4.  Propagation Characteristics of Heatwaves over CONUS

The inward and outward strength (Table S1) of each grid-location are calculated, and the difference be-
tween the inward and outward strength is used to derive Network Divergence (ND). A region with high 
positive (negative) values of ND represents the source (sink) of heatwave propagation. Figure 3a describes 
the network divergence of heatwaves over CONUS. Negative ND values are observed over the Northern 
Great Plains, extending from west of Wisconsin to the west coast. Higher magnitude negative ND values are 
mainly located over Montana, North Dakota, and in the coastal region of Oregon and California. Whereas 
positive ND values are mostly observed in the Midwest and Northeast with the highest magnitude are pres-
ent in the southwest of Michigan Lake and Northeast. Overall, the positive ND gradient from west to east 
indicates a more substantial influence of eastwards zonal airflow on heatwave propagation over CONUS.

The directions of heatwave propagation are investigated based on the inward and outward orientation (Fig-
ures 3b–3c). The inward and outward strength for each grid is provided in the background to characterize 
and visualize the divergence and convergence of heatwaves. It can be observed that the western parts of 
CONUS likely to receive heatwaves from the coast. Strong heatwave divergence characteristics can be found 
in the coastal regions of California and Oregon (Figure 3b). Two coastal areas located in the Northwest 
and Southwest likely to propagate heatwaves into California (Figure 3c). This is consistent with two dif-
ferent sources of heat flow into the California central valley as noted in previous studies (Y. Y. Lee & Grot-
jahn, 2016). This further validates the likelihood of heatwave propagation through a small region and its 
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divergence into a broader inland region due to the characteristics of low DC, low CC, and high BC. Similar 
divergence characteristics can be observed over Florida and Wyoming (Figure 3c).

The physical settings of air-mass transport over CONUS are further explored based on the climatology of 
surface velocity at 1,000 mb (Figure S8a) and the zonal strength of propagation of air (Figure S8b) by divid-
ing the zonal component with the meridional component. Interestingly, regions with high outdegrees (Fig-
ure 3c) are dominated by air mass transport's high zonal strength. In contrast, both meridional and zonal 
air transport contributes to heatwaves over locations with high in-degree (Figure 3b). Low zonal strength 
can be observed in two regions. The first one is located over the east of the Rockies and extended from South 
Texas to the Northern Great Plains. The second one is over the west of the Rockies, which predominant-
ly exists over Southwest USA. The areal extent of these two zones is potentially influenced by the North 
American Cordillera as the high altitude in north-south orientation blocks or disrupts air's zonal transport. 
Although the meridional component of air is generally lesser than the zonal component, such topographic 
blocking may force a zonal wind to be explicitly meridional (i.e., GPLLJ), resulting in comparatively lower 
propagation (Figure 3d) of heatwaves over Texas and Oklahoma.

4.2.5.  Heatwave Propagation at Specific Locations

The individual grid can behave as a source or sink (Figure 3d) for heatwave propagation. The cluster of ho-
mogenous grids with high outward strength (i.e., source region) can form regional hubs that can propagate 
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Figure 3.  (a) Network Divergence, (b) Inward Orientation, (c) Outward Orientation, and (d) Spatial distribution of source and sink nodes of heatwaves. The 
red dots indicate source nodes (indegree < outdegree), whereas the light steel blue dots indicate sink nodes (indegree > outdegree). The dots in antique white 
color indicates isolated nodes with no indegree and outdegree. The three network coefficients (a–c) are derived based on the directed complex network.
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heatwaves to different locations. Similarly, a cluster of homogenous grids with high inward strength (i.e., 
sink region) are vulnerable to heatwaves occurring at various locations. For illustration purposes, we select-
ed four grid-locations to explain the potential application of source and sink regions for heatwave propaga-
tion (Figures 4a–4d).

We observe that heatwaves occur in the western part of Washington, Oregon, and Northwest California 
(Box A, Figure 4a), likely to propagate to Loma, Montana, which may further move eastward to the regions 
extending from the north of North Dakota to the south of Colorado (Box B, Figure 4a). To cross-check, we 
selected a spatial domain located over the West of Oregon. It can be observed that the heatwaves originate 
from the Pacific Northwest (Box C, Figure 4b) propagate to western Oregon, Eastern Washington, Idaho, 
and Montana (Box D, Figure 4b). This can be attributed to the air mass flowing from the direction of North-
west USA can propagate heatwaves to Montana (Wang et al., 2019) and further propagate eastward overland 
to a large extent.

Chicago (Illinois) witnessed the famous 1995s heatwave (Karl & Knight, 1997). We observe that heatwaves 
initiated over the Great Plains (Box E, Figure 4c) likely to proceed toward Chicago within three days. Heat-
waves over Chicago may further migrate toward Pennsylvania and West Virginia (Box F, Figure 4c). Inter-
estingly, the heatwaves initiated between 35.5°N to 49.5°N (Box G, Figure 4d) converge to Iowa, then further 
migrates to regions surrounding and east of Chicago (Box H, Figure 4d). This may be due to the potential 
influence of (southerly) meridional and (westerly) zonal air mass transport of heat that results in the con-
vergence of heatwaves over the regions surrounding Chicago (Positive ND).
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Figure 4.  Analysis of heatwave propagation at specific locations: (a) Loma, Montana, (b) Coastal Oregon, (c) Ames, Iowa, and (d) Chicago, Illinois. The 
clusters of blue and red colors indicate source and sink regions for heatwave propagations.
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4.2.6.  Application of Network Metrics for Heatwave Predictions

We investigate the potential of ES metrics (Synchronization and Delay) and directed network coefficients 
(Network Divergence) to predict heatwave days at selected regions over CONUS. For illustration, we identi-
fy a source region (spatial extent of 2° × 2°, Figure S9a) located near to Loma, Montana, which propagates 
heatwaves to several other locations (Negative ND). The high value of regional outdegree (Text S1) corre-
sponding to the source region indicates the most probable areas to experience heatwave after such an event 
occurs at the source region 1–3 days ahead (Figure S9b). We selected a lead time of 2 days to predict heat-
wave days from source to sink region. We formulate a new ES metric “syncd delay” (Text S3) by multiplying 
synchronization and delay (at a fixed time lag of 2 days) of each grid location over CONUS with respect to 
the source box (Text S3). The sink region (spatial extent of 2° × 2°) was selected over the areas situated at the 
junction of North and South Dakota (Figure S9a). This region displays high regional outdegree (Figure S9b) 
and increased positive syncd delay (Figure S9c) with respect to the source region, indicating heatwave prop-
agations from the source to sink box. To visualize, we further constructed propagation direction based on 
three different boxes (Figure S9a) and a heatmap (Figure S9d) that clearly outlines many heatwave event 
(Text S3) propagations between source and sink boxes at a lag time of 2 days.

Once heatwave propagation between the source and sink boxes is ascertained, we selected time series of 
100% spatially synchronized heatwave days (Text S3) over the source box as input. The desired output is the 
2 day lagged time series of 100% spatially synchronized heatwave days over the sink box. We perform the 
prediction using a binary classification framework since the occurrence or nonoccurrence of heatwave days 
is distinct as two separate classes. The commonly used Linear Discriminant Analysis (LDA) classification 
algorithm (Balakrishnama et al., 1999; Mahdianpari et al., 2018) was used to develop a prediction model. A 
brief illustration of the LDA algorithm is provided in Text S3. The model performance was validated using 
metrics such as the Confusion matrix and the ROC curve, which indicates satisfactory performance with 
63% accurate detection of heatwave days at the sink region in a lead time of 2 days (FiguresS11a and S11b). 
The satisfactory prediction performance can be attributed to the high lagged synchronization between the 
input and output grid-locations. The prediction accuracy can be further improved by incorporating addi-
tional variables such as sea surface temperature, high-level zonal, and meridional wind anomaly, which is 
known to influence triggering or evolution of heatwave event.

5.  Conclusion
The study employs complex network analysis to investigate the topology, co-evolution, and spatial propa-
gation of heatwaves over CONUS. The current research reveals the spatial patterns of heatwaves and their 
association with air mass transport distribution and the topography. The CN analysis reveals the heatwaves 
occurring in large parts of the western USA typically originate from California and Oregon's coastal areas. 
These specific coastal regions experience strong air subsidence conditions, which lead to the initiation of 
heatwaves (Y. Y. Lee & Grotjahn, 2016). We observed the lesser propagation strength of heatwaves over Tex-
as and Oklahoma; this may be attributed to the North-south orientation of the North American Cordillera 
suppressing zonal air mass transport over Texas and Oklahoma. Most importantly, the combination of event 
synchronization metric and network coefficients has been able to identify heatwave propagation between 
regions, primarily acting as source or sink of heatwaves.

Nonetheless, the current study has a few limitations, such as a fixed value of maximum lag time (here 
3 days) between the propagation of heatwave events. Additional source and sink regions can be identified, 
especially over the southern part of CONUS, by increasing the lag time. This aspect can be investigated in 
future studies to determine the potential influence of multiscale lag time on the propagation of heatwaves. 
The data length can be a key limitation for complex network analysis of extreme events (especially for 
drought-related studies). The extreme events collected over a more extended period can provide a reliable 
estimation of synchronization and heatwave's propagation over CONUS. Furthermore, the presence of sub-
structures due to the effect of local-scale weather patterns are not explored in this study, which deserves 
special attention. Overall, the information obtained from the event synchronization metric and Network 
coefficients can be useful for developing an appropriate process or structure-based heatwave forecasting 
models.
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Data Availability Statement
The daily temperature data can be obtained from the NOAA/OAR/ESRL PSD, USA (https://psl.noaa.gov/
data/gridded/data.cpc.globaltemp.html). Additional weather variables (Geopotential Height and wind) are 
obtained from NCEP/NCAR Reanalysis 1 (https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.pres-
sure.html).
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