
Computers, Environment and Urban Systems 127 (2026) 102435 

A
0

 

Contents lists available at ScienceDirect

Computers, Environment and Urban Systems

journal homepage: www.elsevier.com/locate/ceus  

Causal discovery in urban data with temporal empirical dynamic modeling: 
The R package tEDMI

Wenbo Lyu a,b,c , Yangyang Lei d , Wen Yi b , Yongze Song e , Xiao Li f,g,h , Shaoqing Dai i , 
Yiming Qin j , Wufan Zhao a ,∗

a Urban Governance and Design Thrust, The Hong Kong University of Science and Technology (Guangzhou), Guangzhou, China
b Department of Building and Real Estate, The Hong Kong Polytechnic University, Hong Kong, China
c Shenzhen Research Institute, The Hong Kong Polytechnic University, Shenzhen, China
d School of Architecture and Design, Harbin Institute of Technology, Harbin, China
e School of Design and the Built Environment, Curtin University, Perth, Australia
f Department of Land Surveying and Geo-Informatics, The Hong Kong Polytechnic University, Hong Kong, China
g Transport Studies Unit, University of Oxford, Oxford, UK
h Smart Cities Research Institute, The Hong Kong Polytechnic University, Hong Kong, China
i School of Resource and Environmental Sciences, Wuhan University, Wuhan, China
j School of the Environment and Sustainable Engineering, Eastern Institute of Technology, Ningbo, China

A R T I C L E  I N F O

Dataset link: https://github.com/SpatLyu/tEDM
_CEUS, https://doi.org/10.5281/zenodo.18247
202, https://github.com/stscl/tEDM, https://d
oi.org/10.5281/zenodo.18252240, https://cra
n.r-project.org/package=tEDM

Keywords:
Causal discovery
Empirical dynamic modeling
Time series
Urban data
R package tEDM

 A B S T R A C T

Urban systems are complex, nonlinear, and adaptive, with interactions unfolding across multiple spatial 
and temporal scales. Traditional correlation-based and regression approaches often fail to capture their 
dynamic causal structures, limiting understanding of underlying mechanisms. Causal inference provides a 
more powerful framework, encompassing both causal discovery and causal effect estimation, yet the former 
remains underexplored in urban studies. Empirical Dynamic Modeling (EDM) is well suited for this task, as 
it reconstructs system dynamics directly from time series without prespecified models. Despite its potential, 
EDM has seen limited application in urban contexts. To address this gap, we introduce tEDM, an open-source 
R package that extends EDM to heterogeneous, high-frequency, multivariate, and multi-spatial urban datasets. 
The package combines a C++ computational backbone with seamless R integration to achieve both efficiency 
and usability in large-scale urban time series analysis. Its applicability is illustrated through representative case 
studies on environmental health, carbon-climate dynamics, and epidemic spread, demonstrating how tEDM
enables nuanced causal discovery and provides methodological as well as practical advances for urban and 
environmental research. The tEDM package itself is publicly available at https://github.com/stscl/tEDM.
1. Introduction

Urban systems are inherently complex, comprising interdependent 
socio-economic, environmental, and infrastructural components that 
interact across multiple spatial and temporal scales (McPhearson et al., 
2016). These interactions are often nonlinear, adaptive, and subject to 
feedback loops, making them challenging to analyze with traditional 
correlation-based approaches and linear regression models (Gan et al., 
2025), which typically assume fixed functional relationships, linearity, 
and stationarity. Such assumptions constrain their capacity to cap-
ture the dynamic, nonlinear dependencies and feedback mechanisms 
that characterize real-world urban processes. As a result, much of the 
current analytical practice in urban science relies on methods that 

I This article is part of a Special issue entitled: ‘Open Urban Data Science’ published in Computers, Environment and Urban Systems.
∗ Corresponding author.
E-mail address: wufanzhao@hkust-gz.edu.cn (W. Zhao).

can identify statistical associations but are not equipped to uncover 
underlying causal mechanisms.

Causal analysis, in contrast, seeks to move beyond correlation by 
identifying the drivers and mechanisms that generate observed pat-
terns, thereby providing a stronger basis for effective interventions and 
informed decision-making (Fekete et al., 2025; Li et al., 2025; Niu & 
Zhang, 2023). In recent years, it has been successfully applied in urban 
science to examine the interplay between climate change and human 
crises (Zhang et al., 2011), assess the impact of air pollution on life 
expectancy (Chen et al., 2013), investigate the effects of ozone exposure 
on influenza incidence (Guo et al., 2024), uncover the mechanisms 
underlying the urban heat island phenomenon (Zhong et al., 2024), 
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data mining, AI training, and similar technologies. 
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and explore causality among roads within urban traffic networks (Mao 
et al., 2024). These examples provide compelling evidence of the 
transformative potential of causal inference in revealing mechanisms 
that are not accessible through correlational approaches alone.

Causal inference in quantitative research can be broadly divided 
into two primary tasks: causal discovery, which seeks to identify the 
underlying structure of causal relationships among variables (Runge 
et al., 2019, 2023, 2015), and causal effect estimation, which focuses 
on quantifying the magnitude of causal impacts once a causal struc-
ture is assumed or identified (Pearl, 1995, 2000; Rubin, 1974, 1986). 
In urban science and related disciplines, causal effect estimation has 
been widely implemented using quasi-experimental designs such as 
difference-in-differences (DID), regression discontinuity design (RDD), 
and instrumental variables, as well as structural equation modeling 
(SEM) approaches (Bowden et al., 2015; Delgado & Florax, 2015; Kolak 
& Anselin, 2019; Liu et al., 2021; Rosseel, 2012). These methods have 
enabled researchers to evaluate the effects of policies, infrastructure 
investments, and environmental interventions on various urban out-
comes (Chen et al., 2013; Jia et al., 2021; Li et al., 2024). In contrast, 
causal discovery has received comparatively less attention, despite its 
potential to uncover hidden causal structures in complex urban systems 
and to inform the design of more robust and targeted effect estimation 
strategies (Deng et al., 2022; Fekete et al., 2025; Gan et al., 2025).

Among the existing approaches to causal discovery, one promi-
nent category involves predictive models such as Granger causal-
ity (Geweke, 1982; Granger, 1969) and its nonlinear extension, transfer 
entropy (Schreiber, 2000; Vicente et al., 2010), which have been 
further adapted to multi-spatial observational and nonstationary urban 
time series (Deng et al., 2022; Gan et al., 2025). Another influential 
line of methods centers on graphical causal models, such as the Peter 
and Clark (PC) algorithm, Fast Causal Inference (FCI), and Peter and 
Clark Momentary Conditional Independence (PCMCI), which rely on 
conditional independence testing and structural constraints to infer 
causal structures (Runge et al., 2023; Runge, Nowack, Kretschmer, 
Flaxman, & Sejdinovic, 2019; Spirtes et al., 1993). A third and increas-
ingly utilized framework is Empirical Dynamic Modeling (EDM), which 
reconstructs system dynamics from time series data using state-space 
embedding, enabling causal inference in complex systems without pre-
specified model structures (Lorenz, 1969; Mañé, 1981; Sugihara et al., 
2012; Takens, 1981). By leveraging the intrinsic properties of dynamic 
systems, such as nonlinearity and feedback, EDM is particularly well 
suited for capturing causal interactions in urban systems, which are 
often temporally evolving, multi-scale, and characterized by complex 
interdependencies. This makes EDM a compelling tool for advancing 
causal understanding in urban science.

However, despite its conceptual advantages, the application of EDM 
for causal discovery in urban contexts remains limited. We argue 
that harnessing EDM in this domain can uncover causal linkages that 
are often overlooked by traditional correlation-based or regression 
approaches, thereby providing deeper insights into the mechanisms 
governing urban processes. To facilitate such efforts, we introduce
tEDM, an open-source R package that extends the EDM framework with 
temporal causality detection capabilities tailored to the heterogeneous, 
high-frequency, multivariate, and multi-spatial observational nature of 
urban datasets (Deng et al., 2022; Fekete et al., 2025; Gan et al., 2025). 
Through three representative case studies, we demonstrate how tEDM
enables more nuanced and accurate causal discovery in urban time 
series, contributing both methodological innovation and practical value 
for urban science.

The remainder of this paper is organized as follows. Section 2 
outlines the theoretical foundations of empirical dynamic modeling and 
its relevance to causal discovery. Section 3 details the design, structure, 
and core functionalities of the tEDM package. In Section 4, we illustrate 
the practical utility of tEDM through three real-world case studies 
spanning different urban contexts. Finally, Section 5 summarizes the 
key insights and discusses limitations, as well as directions for future 
research and development.
2 
2. Background

2.1. Empirical dynamic modeling and dynamic causality

Traditional causality detection in time series analysis often relies 
on Granger causality, which assumes that if the historical values of 
variable 𝑋 can improve the prediction of variable 𝑌 , then 𝑋 is said to 
Granger-cause 𝑌  (Geweke, 1982; Granger, 1969). In practice, Granger 
causality is typically implemented using linear vector autoregressive 
models, which implicitly assume that interacting variables are separa-
ble. This separability assumption is frequently violated in nonlinear and 
dynamically coupled systems, limiting the ability of Granger causality 
to correctly identify causal relationships (Sugihara et al., 2012). To 
address this limitation, empirical dynamic modeling (EDM) provides 
a data-driven, model-free framework capable of capturing nonlinear 
and inseparable causal relationships directly from time series data. 
EDM reconstructs the underlying system dynamics through time-delay 
embedding, enabling robust inference of causal relationships without 
requiring explicit functional forms or assumptions of separability (Leng 
et al., 2020; Mañé, 1981; Sugihara et al., 2012; Takens, 1981; Tao et al., 
2023).

The theoretical foundations of EDM include the generalized em-
bedding theorem and dynamical systems theory. The generalized em-
bedding theorem states that the dynamics of a deterministic system 
can be reconstructed from time-delayed observations of a single vari-
able (Lorenz, 1969; Mañé, 1981; Takens, 1981), producing a shadow 
manifold that preserves the topological properties of the original sys-
tem’s attractor. Dynamical systems theory further indicates that if two 
variables are causally linked, the geometry of their respective shadow 
manifolds will exhibit a consistent correspondence, allowing states on 
one manifold to be used to estimate states on the other through mutual 
cross mapping (Gao et al., 2023; Sugihara et al., 2012). These two 
processes are jointly illustrated in Fig.  1, which depicts both manifold 
reconstruction and the cross mapping between shadow manifolds.

Building on this principle, Sugihara et al. (2012) proposed conver-
gent cross mapping (CCM) to detect causality in complex ecological 
systems. Subsequent developments extended CCM to address additional 
methodological challenges. Partial cross mapping (PCM) (Leng et al., 
2020) was introduced to distinguish direct from indirect causal in-
fluences by conditioning on third-party variables, thereby improving 
the robustness of causal inference in multivariate settings. Cross map-
ping cardinality (CMC) (Tao et al., 2023) further advances causality 
detection by shifting the focus from prediction accuracy to the geomet-
ric consistency of shadow manifolds, quantified via the intersectional 
cardinality of cross-mapped neighborhoods.

Beyond methodological refinements, EDM has evolved from an 
approach limited to time series analysis to one applicable to spatial 
cross-sectional data (Gao et al., 2023). To address CCM’s requirement 
for relatively long time series, alternative models such as cross map 
smoothness (CMS) and multispatial convergent cross mapping (Multi-
spatialCCM) have been developed for shorter time series (Clark et al., 
2015; Ma et al., 2014). These advancements have broadened EDM’s 
applicability across diverse empirical scenarios. Building upon these 
developments, the tEDM package is specifically designed to address the 
structural characteristics of urban time series data rather than merely 
integrating existing EDM methods. In particular, tEDM extends CCM 
to explicitly leverage spatially replicated observations that frequently 
arise in urban data, incorporating spatial dependence among replicated 
units to improve causal detection when individual time series are short 
or when classical CCM fails due to insufficient temporal information. 
To accommodate complex interdependencies among high-dimensional 
urban variables, PCM is further generalized to focus on identifying 
direct causal influences beyond separating indirect effects, enhanc-
ing robustness against confounding and collider structures commonly 
encountered in multivariate urban systems. For causal strength esti-
mation, CMC is augmented with a robust DeLong placement strategy, 
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Fig. 1. Schematic illustration of empirical dynamic modeling.
enabling statistically consistent estimation of causal strength together 
with uncertainty quantification through confidence intervals and sig-
nificance testing, thereby improving the reliability of causal discovery 
in noisy urban environments.

2.1.1. Convergent cross mapping (CCM)
Convergent cross mapping tests whether the states of a response 

variable 𝑌  can reliably estimate the states of a potential driver 𝑋, based 
on the assumption that if 𝑋 causally influences 𝑌 , then information 
about 𝑋 is encoded in the dynamics of 𝑌  (Sugihara et al., 2012). Let 
𝑌(𝑡) and 𝑋(𝑡) be the two time series variable, the shadow manifolds can 
be constructed using: 
𝑀𝑥 =

[

𝑥(𝑡), 𝑥(𝑡 − 𝜏), 𝑥
(

𝑡 − 2𝜏
)

, … , 𝑥
(

𝑡 − (𝐸 − 1)𝜏
)]

𝑀𝑦 =
[

𝑦(𝑡), 𝑦(𝑡 − 𝜏), 𝑦
(

𝑡 − 2𝜏
)

, … , 𝑦
(

𝑡 − (𝐸 − 1)𝜏
)]

,
(1)

where 𝜏 denotes the time-delay step, 𝐸 is the embedding dimension, 
and 𝑀𝑥 and 𝑀𝑦 are the reconstructed shadow manifolds of the time 
series 𝑋 and 𝑌 , respectively.

With the reconstructed shadow manifold 𝑀𝑦, the state of 𝑋 can be 
estimated from the state of 𝑌  through the cross-mapping procedure: 

𝑋̂𝑡 ∣𝑀𝑦 =
𝑘
∑

𝑖=1

(

𝜔𝑡𝑖𝑋𝑡𝑖 ∣𝑀𝑦
)

, (2)

where 𝑡 denotes the time point at which the value of 𝑋 is to be pre-
dicted, 𝑋̂  is the predicted value, 𝑘 is the number of nearest neighbors 
𝑡

3 
in the manifold used for prediction, 𝑡𝑖 is the time index of a neighbor, 
and 𝑋𝑡𝑖 is the observed value of 𝑋 at time 𝑡𝑖. The corresponding weight 
𝜔𝑡𝑖 is defined as 

𝜔𝑡𝑖 ∣𝑀𝑦 =
weight

(

𝜓(𝑀𝑦, 𝑡𝑖), 𝜓(𝑀𝑦, 𝑡)
)

∑𝑘
𝑖=1 weight

(

𝜓(𝑀𝑦, 𝑡𝑖), 𝜓(𝑀𝑦, 𝑡)
)
, (3)

where 𝜓(𝑀𝑦, 𝑡𝑖) is the state vector at time 𝑡𝑖 in the shadow manifold 
𝑀𝑦, and weight(⋅, ⋅) is a weight function based on the distance metric 
between two state-space vectors, defined as 

weight
(

𝜓(𝑀𝑦, 𝑡𝑖), 𝜓(𝑀𝑦, 𝑡)
)

= exp

(

−
dis

(

𝜓(𝑀𝑦, 𝑡𝑖), 𝜓(𝑀𝑦, 𝑡)
)

dis
(

𝜓(𝑀𝑦, 𝑡1), 𝜓(𝑀𝑦, 𝑡)
)

)

. (4)

Here, exp denotes the exponential function, and dis(⋅, ⋅) represents the 
average absolute distance between two state vectors in 𝑀𝑦, defined as 

dis
(

𝜓(𝑀𝑦, 𝑡𝑖), 𝜓(𝑀𝑦, 𝑡)
)

= 1
𝐸

𝐸
∑

𝑚=1

|

|

|

𝜓𝑚(𝑀𝑦, 𝑡𝑖) − 𝜓𝑚(𝑀𝑦, 𝑡)
|

|

|

, (5)

where 𝜓𝑚(𝑀𝑦, 𝑡𝑖) denotes the 𝑚th coordinate of 𝜓(𝑀𝑦, 𝑡𝑖).

The cross-mapping skill 𝜌 is quantified by the Pearson correla-
tion coefficient between the observed and predicted values, with the 
confidence interval of 𝜌 estimated via the 𝑧-transformation under the 



W. Lyu et al. Computers, Environment and Urban Systems 127 (2026) 102435 
normality assumption: 

𝜌 =
Cov

(

𝑋, 𝑋̂ ∣𝑀𝑦
)

√

Var(𝑋) Var
(

𝑋̂ ∣𝑀𝑦
)

, (6)

𝑡 = 𝜌

√

𝑛 − 2
1 − 𝜌2

, (7)

where 𝑛 is the number of predicted observations, and 

𝑧 = 1
2
ln
(

1 + 𝜌
1 − 𝜌

)

. (8)

In CCM, the prediction skill 𝜌 is evaluated across different library 
sizes 𝐿, where 𝐿 is the number of points used to reconstruct the shadow 
manifold. Causal influence is inferred when 𝜌 exhibits a positive trend 
with increasing library size 𝐿 and shows convergence to a stable, 
statistically significant value as 𝐿 approaches its maximum. For the 
causation from 𝑌  to 𝑋, the converged cross-mapping skill is expressed 
as 
𝜌𝑥→𝑦 = lim

𝐿→∞
cor

(

𝑋, 𝑋̂ ∣𝑀𝑦
)

, (9)

where 𝜌𝑥→𝑦 measures the strength of causal influence from 𝑋 to 𝑌  after 
convergence.

Motivated by the multispatial CCM method, tEDM extends CCM 
to explicitly accommodate spatially replicated observations. For time 
series with repeated measurements across spatial units, each replicated 
series is first embedded independently using Eq.  (1). The resulting 
embedding matrices are then aligned in temporal order and concate-
nated to form a combined embedding matrix, together with a combined 
target vector that preserves the one-to-one correspondence between 
embedded states and observations. Cross mapping prediction is subse-
quently performed on the combined embedding using Eqs. (2)–(6). The 
selection of spatially replicated observations participating in state-space 
reconstruction and cross mapping can be guided by spatial statistical 
criteria, such as the bandwidth in geographically weighted regres-
sion (Brunsdon et al., 1996), or the range parameter estimated from 
fitted variograms (Webster & Oliver, 2007), to better coordinate and 
exploit spatial dependence among replicated units. In this setting, 
the statistical significance of the cross-mapping skill 𝜌 is assessed via 
a bootstrap procedure by randomly resampling the target series to 
be predicted, thereby generating an empirical null distribution of 𝜌
for hypothesis testing. This strategy enables CCM to exploit spatial 
dependence among replicated units to enhance causal detection when 
individual time series are short or weakly informative, while preserving 
the dynamical consistency of the reconstructed state space.

2.1.2. Partial cross mapping (PCM)
Partial cross mapping extends the CCM method by accounting for 

indirect causal influences mediated by third variables. In addition to 
detecting whether 𝑋 causally influences 𝑌 , PCM seeks to distinguish 
the direct effect of 𝑋 on 𝑌  from any indirect influence transmitted 
through a mediate variable 𝑍 (Leng et al., 2020). Given three time 
series 𝑋(𝑡), 𝑌(𝑡), 𝑍(𝑡), the PCM procedure operates as follows:

First, the shadow manifold 𝑀𝑦 of 𝑌  is reconstructed, and 𝑋̂ is 
obtained from 𝑀𝑦 following the standard CCM cross-mapping step 
in Eq.  (2), with weights defined by Eq.  (3).

Next, the shadow manifold 𝑀𝑦 is used to predict 𝑍 in the same 
manner: 

𝑍̂𝑡 ∣𝑀𝑦 =
𝑘
∑

𝑖=1

(

𝜔𝑡𝑖𝑍𝑡𝑖 ∣𝑀𝑦
)

. (10)

Then, the predicted 𝑍̂ is itself used to estimate 𝑋 via CCM: 

𝑋̂(𝑍)
𝑡 ∣𝑀𝑍̂ =

𝑘
∑

𝑖=1

(

𝜔(𝑍)
𝑡𝑖 𝑋𝑡𝑖 ∣𝑀𝑍̂

)

, (11)

where 𝑀𝑍̂ denotes the shadow manifold reconstructed from 𝑍̂, and 
𝜔(𝑍) is defined analogously to Eq.  (3).
𝑡𝑖
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Finally, the causal influence from 𝑋 to 𝑌  is quantified using the
partial correlation between 𝑋 and 𝑋̂ while controlling for 𝑋̂(𝑍): 

𝜌𝑋→𝑌 ∣𝑍 =
𝜌𝑋, 𝑋̂ − 𝜌𝑋, 𝑋̂(𝑍)𝜌𝑋̂, 𝑋̂(𝑍)

√

(

1 − 𝜌2
𝑋, 𝑋̂(𝑍)

)(

1 − 𝜌2
𝑋̂, 𝑋̂(𝑍)

)

, (12)

where 𝜌𝐴,𝐵 denotes the Pearson correlation between variables 𝐴 and 
𝐵. A significant 𝜌𝑋→𝑌 ∣𝑍 suggests a direct causal influence from 𝑋 to 𝑌
after removing the indirect path through 𝑍.

The original PCM formulation can handle more than one potential 
mediate variable by sequentially considering cumulative indirect ef-
fects. For example, when assessing the causal influence of 𝑋 on 𝑌  with 
two potential mediators 𝑍1 and 𝑍2, one can first predict 𝑍1 from 𝑀𝑦, 
then predict 𝑍2 from 𝑀𝑍̂1

, and finally estimate 𝑋̂(𝑍1 ,𝑍2) from 𝑀𝑍̂2
. This 

procedure captures the causal influence of 𝑋 on 𝑌  transmitted through 
𝑍1 and 𝑍2 sequentially. Similarly, one can reverse the order — predict 
𝑍2 first, then 𝑍1 — to account for the alternative indirect pathway.

In tEDM, we support this native sequential strategy, while also 
offering an improved extension referred to as the fully conditioned par-
tial cross mapping. In this formulation, potential third-party variables, 
whether arising from mediator, collider, or confounding structures or 
their combinations, are jointly treated as conditioning variables so 
that the analysis explicitly focuses on direct causal influences. When 
considering multiple conditioning variables (𝑍1, 𝑍2,… , 𝑍𝑚), we first 
reconstruct 𝑀𝑦 and predict each 𝑍𝑖 individually: 

𝑍̂𝑖 ∣𝑀𝑦 =
𝑘
∑

𝑗=1

(

𝜔𝑡𝑗 𝑍𝑖𝑗 ∣𝑀𝑦
)

, 𝑖 = 1, 2,… , 𝑚, (13)

then use each 𝑍̂𝑖 to predict 𝑋: 

𝑋̂(𝑍𝑖)
𝑡 ∣𝑀𝑍̂𝑖

=
𝑘
∑

𝑗=1

(

𝜔(𝑍𝑖)
𝑡𝑗 𝑋𝑡𝑗 ∣𝑀𝑍̂𝑖

)

, (14)

and finally compute the partial correlation between 𝑋 and 𝑋̂ while 
controlling for all 𝑋̂(𝑍𝑖): 
𝜌𝑋→𝑌 ∣𝑍1 ,…,𝑍𝑚 = PartialCorr

(

𝑋, 𝑋̂ ∣ 𝑋̂(𝑍1),… , 𝑋̂(𝑍𝑚)
)

, (15)

where PartialCorr(⋅) denotes the standard multivariate partial correla-
tion.

2.1.3. Cross mapping cardinality (CMC)
Cross mapping cardinality evaluates causality based on the struc-

tural similarity between the reconstructed shadow manifolds of 𝑋 and 
𝑌 . It quantifies how frequently nearest neighbors in one manifold cor-
respond to neighbors in the other, under the assumption that causally 
linked variables share geometric properties in state space (Tao et al., 
2023). Unlike CCM, which focuses on predictive performance, CMC 
emphasizes topological consistency, offering an alternative metric for 
assessing the strength of dynamic coupling. Given two time series 𝑋(𝑡)
and 𝑌(𝑡), we first reconstruct their shadow manifolds 𝑀𝑥 and 𝑀𝑦. For 
each time point 𝑖, the intersectional cardinality is defined as the number 
of shared neighbors between the direct neighborhood of 𝑌  and the 
neighborhood projected via cross mapping from 𝑋: 
𝐼𝐶𝑖,𝑘 =

|

|

|

𝑀𝑛𝑛
𝑦 (𝑖, 𝑘) ∩𝑀𝑛𝑛

𝑦
(

𝑀𝑛𝑛
𝑥 (𝑖, 𝑘), 𝑘

)

|

|

|

, (16)

where 𝑀𝑛𝑛
𝑥 (𝑖, 𝑘) and 𝑀𝑛𝑛

𝑦 (𝑖, 𝑘) denote the sets of the 𝑘 nearest neighbors 
of the 𝑖th time point in 𝑀𝑥 and 𝑀𝑦, respectively. Averaging over all 
time points yields the global IC value: 

𝐼𝐶𝑘 =
1
𝑇

𝑇
∑

𝑖=1
𝐼𝐶𝑖,𝑘, (17)

and varying 𝑘 from 1 to 𝑇  produces the IC curve: 
𝐼𝐶curve = {𝐼𝐶𝑘 ∣ 𝑘 = 1, 2,… , 𝑇 }. (18)

To improve the statistical rigor of causal strength (CS) estimation in 
CMC, we replace the original strategy that directly compares IC curves 
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Table 1
Open-source toolkits for causal discovery and their applicability to time series.
 Package Language Implemented methods Time series ready 
 dowhy-gcm Python Graphical causal modeling No  
 causal-learn Python Multiple causal discovery algorithms Partial  
 cdt Python Causal discovery toolbox (hybrid methods) Partial  
 lingam Python Linear non-Gaussian models Yes  
 tigramite Python Causal time series analysis via PCMCI and its variants Yes  
 pcalg R Causal structure learning Partial  
 bnlearn R Bayesian network structure learning Partial  
 lmtest R Granger causality tests (GCT) Yes  
 NliTS R Nonlinear time series causality methods Yes  
 rEDM & pyEDM R & Python Convergent Cross Mapping (CCM) Yes  
 multispatialccm R Multispatial Convergent Cross Mapping (MultispatialCCM) Yes  
 fastEDM R & Python CCM & MultispatialCCM Yes  
 crossmapy Python Temporal Empirical Dynamic Modeling Yes  
 tEDM (Our work) R Enhanced Temporal Empirical Dynamic Modeling Yes  
with the DeLong placement method. This non-parametric approach 
provides statistically consistent estimation of the area under the IC 
curve (AUC), together with its variance and confidence interval (De-
Long et al., 1988; Sun & Xu, 2014). The causal strength from 𝑌  to 𝑋 is 
therefore quantified by the AUC estimated using the DeLong placement 
method. Let {𝑋𝑖}𝑚𝑖=1 denote the IC values under the alternative hypoth-
esis 𝐻1 and {𝑌𝑗}𝑛𝑗=1 denote the IC values under the null hypothesis 𝐻0. 
The estimated AUC is given by: 

𝜃̂ = 1
𝑚𝑛

𝑚
∑

𝑖=1

𝑛
∑

𝑗=1
I(𝑋𝑖 > 𝑌𝑗 ) +

1
2
I(𝑋𝑖 = 𝑌𝑗 ), (19)

where I(⋅) is the indicator function. The variance of the estimated AUC 
is 

𝜎̂2 = 1
𝑚

𝑚
∑

𝑖=1
(𝑋𝑖 − 𝜃̂)2 +

1
𝑛

𝑛
∑

𝑗=1
(𝑌𝑗 − (1 − 𝜃̂))2, (20)

and the confidence interval is given by 
CI =

[

𝜃̂ − 𝑧𝛼∕2𝜎̂, 𝜃̂ + 𝑧𝛼∕2𝜎̂
]

. (21)

Finally, the statistical significance of the causal strength is assessed 
via a Z-test: 

𝑍 = 𝜃̂ − 0.5
𝜎̂

, 𝑝 = 2𝛷(−|𝑍|), (22)

where 𝛷(⋅) is the standard normal cumulative distribution function. A 
significant 𝑝-value indicates that the IC curve under 𝐻1 is significantly 
different from the null expectation, supporting a causal influence from 
𝑌  to 𝑋.

2.2. Open-source toolkits for time series causal discovery

Causal discovery in time series is a growing area of interest in 
fields such as econometrics, neuroscience, climate science, and systems 
biology (Runge et al., 2019, 2023). Numerous open-source toolkits have 
been developed in both Python and R to facilitate causal discovery from 
observational temporal data. These toolkits implement a diverse range 
of methodologies, including traditional statistical tests such as Granger 
causality, constraint-based algorithms such as the PC algorithm, score-
based and hybrid learning approaches, and more recent techniques 
derived from empirical dynamic modeling (EDM). Table  1 summarizes 
a selection of representative toolkits across these categories. Each pack-
age is described by its programming language, core methodological 
focus, and whether it supports direct application to time series data.

Among these, traditional statistical methods are exemplified by the
lmtest package, which provides implementations of Granger causality 
tests based on linear autoregressive models (Zeileis & Hothorn, 2002). 
Constraint-based methods are implemented in pcalg, causal-learn, and
cdt, which allow for causal structure learning through conditional inde-
pendence testing, though they often require additional preprocessing to 
handle temporal dependencies (Kalainathan et al., 2020; Kalisch et al., 
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2012; Zheng et al., 2024). Score-based and hybrid approaches, such 
as those supported in bnlearn and cdt, combine structure search with 
statistical criteria to learn Bayesian networks, but are not inherently 
designed for time-lagged causality (Kalainathan et al., 2020; Scutari, 
2017). Linear non-Gaussian models, as implemented in lingam, assume 
non-Gaussian noise to identify causal directions and are directly ap-
plicable to time series under appropriate conditions (Ikeuchi et al., 
2023).

Methods designed specifically for causal discovery in time series 
include tigramite, which employs PCMCI and its variants to robustly 
detect time-lagged causal relations under high-dimensional and auto-
correlated conditions (Runge et al., 2023; Runge, Nowack, Kretschmer, 
Flaxman, & Sejdinovic, 2019). In the context of nonlinear dynamical 
systems, EDM-based toolkits such as rEDM, pyEDM, and crossmapy
implement techniques like convergent cross mapping to infer causality 
from reconstructed state space (Sugihara et al., 2012; Tao et al., 2023). 
Packages such as multispatialccm and fastEDM further extend EDM 
capabilities by enabling causal inference on short time series with 
spatial replication, where spatial replicates are leveraged as surrogates 
for temporal variation, thereby allowing the application of convergent 
cross mapping even when the available time series data are too short 
for traditional EDM approaches. (Clark et al., 2015; Li et al., 2021).

Despite these advances, several gaps remain in existing EDM toolk-
its. Both rEDM and pyEDM only support convergent cross mapping, 
limiting their applicability when more nuanced causal inference tech-
niques are required. The multispatialccm package incorporates both 
convergent cross mapping and its multispatial extension, but does not 
include methods such as partial cross mapping or cross mapping cardi-
nality. The Python library crossmapy is the only toolkit that implements 
convergent cross mapping, partial cross mapping, and cross mapping 
cardinality simultaneously, yet its interface does not allow users to 
flexibly specify input parameters. Moreover, its implementation departs 
from the original definition of convergent cross mapping by returning 
a single algorithm-determined ‘‘optimal’’ cross mapping 𝜌 value, rather 
than preserving the core principle that causality is revealed through 
the convergence of predictive skill with library size. These limitations 
restrict the flexibility, interpretability, and methodological fidelity of 
EDM-based causal discovery in complex time series data.

To overcome the limitations of existing empirical dynamic modeling 
toolkits in terms of flexibility, scalability, and multivariate modeling, 
we introduce tEDM, a novel R package designed for causal discovery 
in urban time series data. Urban systems are typically characterized 
by short temporal sequences, multiple spatially replicated observa-
tions, and substantial heterogeneity across locations (Gan et al., 2025; 
Mao et al., 2024). tEDM extends and refines core methods, including 
convergent cross mapping, partial cross mapping, and cross mapping 
cardinality, to better accommodate these features. In addition, it im-
plements carefully designed numerical computation strategies and ef-
ficient algorithms for large-scale datasets. As a result, tEDM provides 
a comprehensive and efficient tool for causal discovery in complex, 
high-dimensional urban systems, serving as a substantive extension of 
existing empirical dynamic modeling toolkits.
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Fig. 2. Overview of the source code architecture of the tEDM package.
3. The tEDM package

3.1. Software design philosophy and architecture

The tEDM package is developed with an emphasis on computational 
efficiency, modularity, and tight integration into the R ecosystem for 
data science and urban analysis (R Core Team, 2026). Fig.  2 presents 
an overview of the source code organization and architectural layers 
of the package. At a high level, tEDM adopts a layered architecture 
consisting of a user-facing R interface layer and a high-performance 
C++ computational backend. The R layer is responsible for user interac-
tion, data preparation, parameter configuration, result formatting, and 
visualization, whereas all computationally intensive components are 
implemented in C++ to ensure scalability and runtime efficiency. This 
separation of concerns improves code maintainability, extensibility, 
and long-term sustainability of the software.

The computational backend is implemented entirely in C++ and 
provides the performance required for large-scale time series analy-
sis. Core algorithmic components such as state-space reconstruction, 
nearest-neighbor search, and cross mapping are implemented using 
the C++ Standard Template Library (STL). Numerical operations in-
volved in predictive skill estimation for empirical dynamic modeling, 
including correlation and partial correlation coefficients, are handled 
by the Armadillo linear algebra library via RcppArmadillo (Sanderson 
& Curtin, 2016). To further improve computational throughput on 
modern multicore hardware, the backend integrates the RcppThread
library for multithreaded parallel execution (Nagler, 2021). The C++ 
backend is exposed to R through the Rcpp interface (Eddelbuettel & 
François, 2011), which enables efficient data exchange while minimiz-
ing overhead between the two languages.

At the R interface level, tEDM relies on a small set of essential R 
packages to ensure usability and interoperability. Specifically, ggplot2
is used for visualization, while dplyr supports data manipulation and 
preprocessing. Together with Rcpp, RcppArmadillo, and RcppThread in 
the computational layer, these dependencies constitute the mandatory 
software stack of the package. Core functions accept data.frame inputs 
with explicit column specification and configurable model parameters, 
and outputs are returned as structured lists with formatted printing in 
the R console. This design allows seamless integration with existing 
R-based analytical workflows while maintaining high computational 
performance and reproducibility.

3.2. Core functionalities

The core functionalities of tEDM are summarized in Fig.  3, which 
illustrates the workflow from data ingestion to causal discovery. The 
package supports a variety of common data formats, including non-
spatial tabular files (csv, tsv, xls and xlsx) and spatial datasets that can 
be pre-processed in R and converted into data.frame structures. Once 
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the data are loaded, the pipeline provides tools to determine the mini-
mal embedding dimension through the fnn() function, which applies 
the false nearest neighbors approach (Kennel et al., 1992). To refine 
this choice and jointly optimize the embedding dimension 𝐸 and the 
number of nearest neighbors 𝑘, auxiliary functions such as simplex()
are employed, with the goal of maximizing predictive skill, or ic()
to maximize causal strength. These steps establish the foundation for 
downstream empirical dynamic modeling analyses. A full description 
of adjustable parameters for each function is available in the package 
documentation at https://stscl.github.io/tEDM/reference/index.html.

After parameter selection, tEDM provides several algorithms for 
causal discovery that quantify and evaluate potential causal relation-
ships. The ccm() function applies convergent cross mapping to test 
for causality by explicitly assessing the convergence of predictive skill 
across library sizes (Sugihara et al., 2012), thereby retaining the orig-
inal definition of CCM rather than returning only a single ‘‘optimal’’ 
strength value as in some existing implementations (the crossmapy
package). When applied to spatially replicated time series, the mul-
tispatialccm() function incorporates spatial dependencies, as de-
scribed in Section 2.1.1. The cmc() function implements cross map-
ping cardinality (Tao et al., 2023), and extends prior approaches by 
internally applying the DeLong placement method to estimate causal 
strength while also providing corresponding 𝑝-values and confidence 
intervals. This incorporation of formal statistical inference enhances the 
rigor and interpretability of causal estimates. For cases where direct 
causation needs to be identified, the pcm() function employs partial 
cross mapping to discriminate direct causal effects from indirect causa-
tions (Leng et al., 2020). Beyond reproducing the approach described 
in the original paper, tEDM introduces a new cumulate parameter: 
when set to TRUE, the function follows the original PCM implementa-
tion, while the default setting (FALSE) applies our newly defined PCM 
formulation, thereby offering greater flexibility in handling complex 
spatiotemporal datasets.

Predictive skill and intersectional cardinality are incorporated as 
complementary measures to enhance the robustness of inference. Re-
sults can be visualized directly using ggplot2, which ensures that causal 
discovery outcomes in urban time series can be examined in a transpar-
ent and interpretable manner. These functionalities provide a coherent 
workflow that integrates data preparation, parameter selection, causal 
quantification, and visualization within a unified framework. By ex-
tending CCM, CMC, and PCM with flexible parameterization, statistical 
inference, and new formulations, tEDM addresses the key gaps of prior 
EDM toolkits and establishes a comprehensive and rigorous platform 
for causal discovery in urban systems.

4. Case studies

To demonstrate the practical utility of the tEDM package, we 
present three representative case studies drawn from prior work in 

https://stscl.github.io/tEDM/reference/index.html
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Fig. 3. Schematic representation of the standard workflow for causal discovery using the tEDM package.
urban and environmental research, each exemplifying different charac-
teristics of urban time series data and corresponding causal discovery 
tasks. The first case study investigates the relationship between air 
pollution and cardiovascular health in Hong Kong (Leng et al., 2020), 
illustrating how tEDM can be employed to analyze multivariate time 
series and infer the underlying causal interaction network between 
environmental exposures and health outcomes. The second case study 
examines county-level carbon emissions and temperature dynamics in 
the contiguous United States (Gan et al., 2025), showcasing the capabil-
ity of tEDM to uncover causal dependencies within spatially replicated 
multivariate time series, a data scenario frequently encountered in 
large scale urban and climate research. The third case study ex-
plores the spread of COVID-19 across Japanese prefectures (Tao et al., 
2023), demonstrating how tEDM can reconstruct causal structures from 
spatially replicated univariate time series, where repeated temporal ob-
servations across locations (spatial units) enable causal inference even 
in single-variable settings. For transparency and reproducibility, the 
datasets corresponding to all three case studies are archived within the
tEDM package, together with complete analysis code available in the 
package vignette at https://stscl.github.io/tEDM/articles/tEDM.html. 
These case studies not only highlight the methodological versatility 
and empirical relevance of tEDM, but also provide a foundation for 
its broader application in advancing causal discovery across diverse 
domains of urban and environmental research.

4.1. Air pollution and cardiovascular health in Hong Kong

The first case study examines the causal relationships between 
air pollutants and cardiovascular disease (CVD) incidence in Hong 
Kong, where the fully conditioned partial cross mapping extension 
implemented in the tEDM package was applied. Fig.  4a presents the 
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time series of the variables, including daily counts of CVD hospital 
admissions and the concentrations of SO2, NO2, O3, and respirable sus-
pended particulates (RSP). The dynamics exhibit pronounced seasonal 
variability together with substantial short-term fluctuations, reflecting 
the complex interactions between atmospheric processes and popu-
lation health responses. Fig.  4b reports the cross-mapping skill (𝜌) 
evaluated at the maximum library size for each candidate causal di-
rection. The variation of cross-mapping skill with library size for all 
tested links is further reported in Supplementary Figure S1, which 
confirms the convergence behavior and robustness of these estimates. 
Fig.  4c summarizes the reconstructed causal network linking air pollu-
tants to CVD incidence. The results indicate strong dynamical coupling 
among the four pollutants, consistent with known atmospheric chemi-
cal and physical interactions. In contrast, among the pollutant-to-health 
links, only NO2 exhibits a statistically significant and sufficiently large 
cross-mapping skill toward CVD, suggesting a direct causal influence, 
whereas the effects of SO2, O3, and RSP on CVD are likely indirect. 
Compared with the original PCM study, our implementation in tEDM
further detects a plausible bidirectional interaction between O3 and 
NO2, which is consistent with photochemical smog formation and nitric 
oxide cycling (Ravina et al., 2022). For comparison, the PC algorithm 
incorrectly identifies a causal influence from CVD to NO2 and yields 
an oversimplified internal structure among SO2, NO2, O3, and RSP (see 
Supplementary Figure S2). This contrast exemplifies the difficulty of 
recovering reliable causal directions in strongly coupled and nonlinear 
systems using conditional independence tests alone.

4.2. US county carbon emissions and temperature dynamics

Fig.  5 reports the causal strengths between county-level carbon 
emissions (CO  concentrations) and annual mean temperature (tem) 
2

https://stscl.github.io/tEDM/articles/tEDM.html
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Fig. 4. Causal relationships between air pollutants and cardiovascular disease incidence in Hong Kong. a Time series of the relevant variables. b Cross mapping 
skill (𝜌 value) among variables estimated via partial cross mapping (values not statistically significant at 𝑝 > 0.05 are marked with #). c Causal network inferred 
from panel b, where 𝜌 values that are statistically significant and exceed 0.2 are identified as causal influences.
across the contiguous United States, revealing a pronounced asymmetry 
in the directional causal influence. The causal influence from carbon 
emissions to temperature (carbon → tem) is substantially stronger than 
the reciprocal pathway (tem → carbon). Specifically, the distribution 
of causal strengths for carbon → temperature has quartiles of 0.2099, 
0.2515, and 0.2917 (with a full range of 0.0972–0.4151), whereas the 
corresponding quartiles for temperature → carbon are 0.0864, 0.0926, 
and 0.0988 (range: 0.0648–0.1620). These results indicate that anthro-
pogenic carbon emissions exert a dominant influence on temperature 
variations, while the reverse effect is comparatively weak.

The broader spread of causal strengths in the carbon → temperature 
direction highlights spatial heterogeneity across U.S. counties, poten-
tially reflecting variations in local climatic sensitivities or emission 
profiles. By contrast, the consistently small causal strengths in the tem-
perature → carbon pathway suggest that this relationship is better inter-
preted as a secondary feedback effect rather than a primary driver. No-
tably, these findings are consistent with prior results obtained using the 
feature-adjusted transfer entropy (FsATE) method (Gan et al., 2025), 
while the cross mapping cardinality approach applied here to spatially 
replicated county-level time series offers a more compelling delineation 
between dominant causal effects and weaker feedback mechanisms. 
This provides quantitative evidence reinforcing the well-established 
role of carbon emissions as a principal driver of temperature dy-
namics in the context of anthropogenic climate change (Madden & 
Ramanathan, 1980).
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Because this case study involves a bivariate dataset with spatially 
replicated observations, we further benchmarked alternative causal 
discovery approaches. Granger causality provides little evidence for 
a causal relationship between carbon emissions and temperature, as 
most tests fail to reject the null hypothesis with 𝑝-values exceeding 
0.05 (Supplementary Figure S3). Standard CCM exhibits stronger cross-
mapping skill for the carbon → temperature direction than for the 
reverse pathway (Supplementary Figure S4a), but the limited temporal 
length of individual county-level series prevents statistically stable 
inference. In contrast, when the tEDM multispatial CCM extension is 
applied by selecting spatially replicated observations using a 𝑘-nearest-
neighbor strategy (𝑘 = 8), the causal signal becomes substantially 
clearer and the carbon → temperature influence is successfully recov-
ered (Supplementary Figure S4b). Together, these comparisons indicate 
that while conventional methods may struggle under short and spatially 
fragmented time series, the multispatial extensions in tEDM effectively 
exploit spatial replication and spatial dependence to enhance causal 
detectability, supporting its suitability for urban and environmental 
applications with dense spatial sampling but limited temporal depth.

4.3. COVID-19 spread across Japanese prefectures

The third case study investigates the dynamics of COVID-19 trans-
mission among Japanese prefectures during the pandemic, utilizing 
convergent cross mapping to reconstruct the influence of the Tokyo 
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Fig. 5. Boxplots of causal strengths between annual mean temperature and carbon emissions across contiguous U.S. counties. Causal strengths were estimated 
using cross mapping cardinality by the tEDM package.
Fig. 6. Reconstruction of COVID-19 transmission dynamics from Tokyo to other prefectures in Japan using convergent cross mapping. Results are based on our 
reanalysis of the original dataset, with visualization style adapted from Tao et al. (2023).
outbreak. As illustrated in Fig.  6, seven prefectures exhibit a causal 
strength greater than 0.9 from Tokyo, indicating strong transmission 
linkages. These prefectures, which include both immediate neighbors in 
the Tokyo metropolitan area and other major urban centers, represent 
the regions most substantially affected by the Tokyo outbreak. This 
pattern reflects the hub-like role of Tokyo as the primary source of 
infection spread, consistent with its status as the earliest and largest 
9 
epicenter of confirmed cases in Japan. The result also resonates with 
prior studies employing cross mapping cardinality approaches, which 
have shown that causal influence from Tokyo tends to decrease with 
increasing geodesic distance, while metropolitan areas with higher 
population density and mobility networks remain particularly suscep-
tible (Tao et al., 2023). For comparison, when the PC algorithm is 
applied to the same dataset, it only identifies causal transmission links 
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from Tokyo to Kanagawa and Chiba, while failing to detect influences 
on other highly connected but geographically more distant metropoli-
tan regions (Supplementary Figure S5), suggesting limited capacity 
to nonlinear and mobility-driven transmission dynamics. Overall, the 
reconstructed transmission network recovered by tEDM highlights the 
need for coordinated public health strategies across prefectures to 
effectively manage and mitigate epidemic spread beyond immediate ge-
ographic proximity. These results contribute to a deeper understanding 
of regional transmission mechanisms and provide actionable insights 
for future preparedness in large-scale public health crises.

5. Discussion and conclusion

In this study, we have introduced tEDM, an open-source R package 
designed to implement and extend empirical dynamic modeling for 
temporal causal discovery in complex urban systems. Through three 
representative case studies, which investigate the relationship between 
air pollution and cardiovascular health in Hong Kong, the dynamics 
between county-level carbon emissions and temperature in the United 
States, and the spread of COVID-19 across Japanese prefectures, we 
demonstrated the versatility and practical utility of tEDM in uncovering 
dynamic causal linkages from multivariate and spatially replicated 
time series. Our results highlight the advantages of EDM-based causal 
inference in capturing nonlinear interactions, feedback mechanisms, 
and temporally evolving dependencies that are often overlooked by 
traditional correlation-based or quasi-experimental approaches. The
tEDM package provides both methodological innovation and actionable 
insights, offering a reliable toolkit for advancing causal understanding 
in urban science and related disciplines.

A central premise of tEDM is that causality in complex systems 
should be understood in a dynamical sense, rather than as a static 
association between variables. Dynamic causality emphasizes whether 
the evolution of one variable leaves a persistent and directionally 
identifiable imprint on the state evolution of another variable through 
the underlying system dynamics (Harnack et al., 2017; Sugihara et al., 
2012). Unlike conventional correlation analysis, which quantifies in-
stantaneous or marginal dependence, EDM-based approaches exploit 
state-space reconstruction to test whether information about a potential 
driver is embedded in the temporal evolution of a response variable. 
Cross mapping therefore evaluates directional information recovery 
from reconstructed shadow manifolds, and the convergence of cross-
mapping skill with increasing library size provides an operational 
criterion to distinguish genuine causal signal from spurious correlation 
driven by shared trends, synchronization, or external forcing. In this 
sense, the causal relationships inferred by tEDM represent temporal and 
dynamical causality encoded in system trajectories, rather than merely 
statistical co-variation.

Within this dynamical causality perspective, the quantities reported 
as ‘‘cross-mapping skill’’ (the 𝜌 value) in CCM and PCM, and ‘‘causal 
strength’’ in CMC quantify the influence of data-driven deterministic 
processes that govern the evolution of the underlying system (Leng 
et al., 2020; Sugihara et al., 2012; Tao et al., 2023). Specifically, 
they measure the consistency and reliability with which the state of 
one variable can be recovered from another in the reconstructed state 
space, reflecting the extent to which dynamical information is shared 
directionally between variables. These metrics should be interpreted 
as relative measures of directional dynamical dependence within a 
given system, rather than as counterfactual causal effects comparable 
to quantities such as the average treatment effect in intervention-based 
causal inference. Consequently, their magnitudes are system-dependent 
and primarily support causal discovery tasks, including ranking, com-
parison, and screening of potential causal influences within a dataset, 
rather than direct transferability across unrelated systems or policy 
scenarios.

From a practical perspective, different EDM-based methods imple-
mented in tEDM are suited to different data characteristics and ana-
lytical objectives. Standard CCM is most appropriate when sufficiently 
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long and high-quality time series are available and when dominant 
causal pathways are expected to be relatively low-dimensional. PCM is 
preferable in multivariate systems where indirect effects, confounding 
structures, or complex interdependencies may obscure direct causal 
relationships. CMC is advantageous when geometric consistency of 
reconstructed manifolds provides more stable evidence than prediction 
accuracy, particularly under noisy or partially observed conditions. In 
applied analyses, combining evidence from these complementary per-
spectives often yields more reliable causal interpretation than reliance 
on a single criterion.

Because the true causal structure is typically unknown in real-world 
systems, causal discovery inevitably involves uncertainty and the risk 
of false positives. tEDM mitigates these risks through multiple layers 
of validation, including statistical significance testing, convergence 
diagnostics with respect to library size, and consistency checks across 
spatial replications when available. Joint use of multiple EDM methods 
further improves robustness by requiring agreement across independent 
causal criteria. In practice, effect magnitude is also considered in addi-
tion to statistical significance. For example, in the presented case stud-
ies, only statistically significant cross-mapping skill values exceeding a 
threshold (e.g., 𝜌 > 0.2) are interpreted as meaningful causal influence. 
This criterion reflects the fact that strong coupling, synchronization, or 
mirror dynamics between variables may produce high reconstruction 
skill without true causal influence (Gao et al., 2023; Mur, 2013), and 
thus additional effect-size filtering helps reduce spurious detections. 
Compared with constraint-based causal discovery algorithms such as 
PC, EDM-based approaches have intrinsic advantages in handling non-
linear, non-separable, and strongly coupled dynamical systems without 
requiring explicit model specification. Nevertheless, algorithmic infer-
ence alone cannot fully resolve causal ambiguity. Domain knowledge, 
physical constraints, and contextual interpretation remain essential for 
validating inferred causal relationships and for translating dynamical 
causality into actionable scientific or policy insight.

Despite its strengths, the use of tEDM for causal discovery is subject 
to several important limitations that relate to data quality, statistical 
interpretation, and underlying dynamical assumptions. The reliability 
of state-space reconstruction depends critically on the presence of 
sufficient deterministic structure in the observed system. In empirical 
settings, short or irregular time series (Clark et al., 2015; Ma et al., 
2014), measurement noise (Mønster et al., 2017), and partial observ-
ability can degrade the fidelity of the reconstructed attractor and, 
consequently, the stability of cross-mapping estimates. More funda-
mentally, the causal relationships identified by tEDM are defined with 
respect to the specified set of observed variables. Inferred directional in-
fluences are therefore conditional on the chosen covariate set and may 
change as additional relevant variables are incorporated. In this sense, 
the method operates at the level of observational causal discovery and 
does not, by itself, resolve ambiguities arising from incomplete system 
specification.

Second, the statistical interpretation of EDM-based causal measures 
requires careful qualification. Significance testing in CCM, PCM, and re-
lated approaches is typically formulated against a null hypothesis of no 
causal association (Tao et al., 2023). However, in complex systems, the 
assumption of complete causal independence is rarely tenable (Meehl, 
1990), as system components are often entangled through complex in-
teractions and shared latent drivers. Consequently, rejection of the null 
should be understood as evidence against specific null-generating pro-
cesses rather than as confirmation of a well-defined causal mechanism. 
In this context, cross-mapping skill and related metrics are more appro-
priately interpreted as measures of directional dynamical dependence 
within the observed system, rather than as estimates of causal effects 
in the interventionist sense. For this reason, robust inference in tEDM
relies on the joint consideration of convergence behavior, effect size, 
consistency across methods, and compatibility with domain knowledge, 
rather than on statistical significance alone. In addition, evaluating 
the performance of EDM-based causal discovery under controlled or 
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simulated systems remains important for understanding its statistical 
power and failure modes, particularly in settings characterized by 
noise, limited observations, or model misspecification.

Third, the applicability of tEDM is constrained by assumptions from 
delay embedding theory and, more broadly, by the extent to which 
the system admits a coherent dynamical representation. The framework 
builds upon results such as the Takens–Mañé theorem (Mañé, 1981; 
Takens, 1981), which apply to deterministic and (approximately) au-
tonomous systems evolving on a stable attractor (Leng et al., 2020). In 
practice, this implies that the method is most reliable in settings where 
the underlying dynamics are governed by relatively stable mechanisms 
and where the effective dimensionality of the system is limited. Such 
conditions are more likely to be satisfied in domains where prior knowl-
edge, including physical or mechanistic constraints, provides guidance 
on plausible system structure and variable selection. In contrast, for 
systems with rapidly changing dynamics, strong exogenous forcing, or 
poorly understood coupling mechanisms, causal interpretations based 
on reconstructed state spaces become less stable (Butler et al., 2023; 
Park et al., 2023).

These limitations are not specific to individual implementations, 
but reflect the fundamental constraints of EDM-based causal inference. 
Consequently, the methodological extensions introduced in tEDM, in-
cluding multispatial embedding, generalized PCM conditioning, and 
enhanced CMC-based inference, remain subject to the same assump-
tions and potential sources of bias. In addition, these extensions in-
troduce their own practical considerations. For example, multispatial 
embeddings require a sufficient degree of comparability and dynamical 
consistency across replicated units, PCM-based conditioning depends 
on the inclusion of an adequately informative set of variables, and 
the robustness of CMC-based inference remains sensitive to reconstruc-
tion quality and sampling variability. While these extensions improve 
applicability under realistic data conditions, they do not eliminate chal-
lenges arising from noise, incomplete system specification, or limited 
observability.

From the perspective of the causal hierarchy (Pearl & Macken-
zie, 2018), the methods implemented in tEDM primarily operate at 
the level of observational causal discovery, identifying directional dy-
namical dependencies without explicit intervention or counterfactual 
structure. Recent work has begun to address some of these limitations 
by developing diagnostic tools to assess whether data satisfy the as-
sumptions required for EDM-based inference (Butler et al., 2023), as 
well as by exploring extensions that improve causal identification in 
the presence of incomplete observations or latent confounding (Yan 
et al., 2026). These developments suggest that the scope of EDM-
based causal analysis is actively evolving, particularly with respect to 
assessing applicability conditions and strengthening robustness under 
realistic data constraints. At the same time, extending these approaches 
toward interventional and counterfactual settings would require addi-
tional structural assumptions or integration with complementary causal 
frameworks. In this context, tEDM is best understood as a principled 
tool for observational causal discovery that can support hypothesis 
generation and guide subsequent analysis, rather than as a standalone 
solution for fully identified causal effects.

Building on these methodological considerations, the long-term 
value of tEDM lies not only in its current capabilities but also in its 
continued development as an extensible and research-oriented plat-
form. The sustainability of the tEDM package is ensured through its 
open-source development model and adherence to best practices in 
research software engineering (Boettiger et al., 2015). The source 
code is maintained under version control on GitHub, where contin-
uous integration workflows enable automated testing, code review, 
and platform-independent reproducibility. Stable releases are regu-
larly archived on CRAN, which guarantees long-term accessibility, 
standardized distribution, and interoperability within the broader R 
ecosystem (R Core Team, 2026). In addition, sustainability is supported 
11 
by a community-driven governance model, where issues, feature re-
quests, and contributions are openly tracked and managed, and by 
the active involvement of the core development team in ongoing 
maintenance. These practices ensure that tEDM remains a reliable, 
extensible, and transparent software platform.

The development roadmap for tEDM emphasizes methodological, 
computational, and usability advances. On the methodological side, 
future releases will incorporate extensions of empirical dynamic mod-
eling, including adaptive cross mapping strategies and integration with 
network-based representations of urban dynamics. Computational ad-
vances will focus on GPU acceleration, parallelization, and distributed 
implementations in order to accommodate the rapidly increasing vol-
ume of urban sensing data. From a usability perspective, the package 
will be expanded with richer vignettes, reproducible workflow tem-
plates, and advanced visualization capabilities to further lower barriers 
to adoption while maintaining analytical rigor. These developments 
will further position tEDM as a flexible platform for causal discovery 
in complex urban systems.
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