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ABSTRACT

High-frequency (e.g., 10 Hz) eddy covariance measurements are typically used to estimate fluxes at the land–atmosphere interface at
timescales of 15–60 min. These multivariate data contain information about the interdependency at high frequency between the interact-
ing variables such as wind, humidity, temperature, and CO2. We use data at 10 Hz from an eddy covariance instrument located at 25 m
above agricultural land in the Midwestern US, which offers an opportunity to move beyond the traditional spectral analyses to explore causal
dependency among variables. In this study, we quantify the structure of inter-dependencies of interacting variables at high frequency repre-
sented by a directed acyclic graph (DAG). We compare DAGs to investigate changes in structural differences in causal interactions. We then
apply a distance-based classification and k-means clustering approach to identify the evolution of the causal structure represented by a DAG.
Our method selects an unbiased number of clusters of similar structures and characterizes the similarities and differences between them.
We explore a range of dynamic behavior using data from a clear sky day and during a solar eclipse in 2017. Our results show well-defined
clusters of similar causal dependencies as the system evolves. Our approach provides a methodological framework to understand how causal
dependence in turbulence manifests in high-frequency data when represented through a DAG.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0131468

At the biosphere–atmosphere interface, multiple hydrometeoro-
logical variables, such as wind speed, air temperature, H2O, and
CO2, influence each other through non-linear interdependencies,
where perturbations in one variable can influence the behavior of
another variable. Using high frequency (i.e., 10 Hz) observations
from a 25 m tall eddy covariance tower and an information the-
ory framework for causal discovery, we infer the causal structure
of interdependencies as directed acyclic graphs (DAGs). At the
biosphere–atmosphere interface, daytime turbulence promotes
land–atmosphere exchange and we hypothesize that different
types of causal structures can arise over time. Therefore, we find
patterns in the DAGs based on a distance-based classification that
characterizes similarities among DAGs and a k-means clustering
approach that selects an unbiased number of clusters of similar
causal structures. For a clear sky day and during a solar eclipse
in 2017, we explore the range of dynamics of the system under

changes in incoming solar radiation, a major driver of hydrome-
teorological processes. Our results show that patterns of similar
behavior arise and we observe three well-defined clusters of sim-
ilar causal structure, mainly characterized by the influence of the
thermodynamics on the scalar transport of CO2 and H2O and
other particular behaviors. This approach allows the exploration
of casual interactions and the detection of patterns in turbulence
at the biosphere–atmosphere, as the propagation of fluctuations
among variables carried by the observation evolves.

I. INTRODUCTION

At the biosphere–atmosphere interface, fast-time-scale turbu-
lent processes are characterized by rapid interactions among vari-
ables, such as air temperature, wind speed, water vapor, and CO2.
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Eddy covariance towers, equipped with high-frequency analyzers
operating at 10 or 20 Hz, offer a remarkable opportunity to inves-
tigate the interactions between turbulent fluctuations of CO2 and
H2O molar concentrations, as well as temperature and wind veloc-
ity components.1 These towers provide valuable insights into the
dynamics at this interface and enable comprehensive exploration
of complex relationships among variables. These observations are
typically used to estimate the vertical turbulent exchange of momen-
tum, energy, and gases between the biosphere and the atmosphere.1,2

These high-frequency data have also been used for quality control,
using spectral analyses to determine underlying periodicities in the
behavior of the observed time-series.1,3,4 While spectral approaches
have provided significant insights into variations in single variables
or co-variations among variables,5–8 they do not reveal the structure
of causal dependencies among them. Therefore, here we propose
an approach for characterizing causal dependencies, which arise as
fluctuations in one variable at any time instigate changes or vari-
ations in other linked variables at a future time.9 Source variables
affect response variables creating a causal structure of interdepen-
dence, which are often represented as a directed acyclic graph
(DAG).10 We use information flow among the interacting variables
to identify patterns of causal structure using DAGs in turbulence
using high-frequency data (10 Hz).

Previous efforts to explore complexity in the land–atmosphere
interface include the use of time-series measurements of horizon-
tal ocean surface-wind and vertical profiles of time-height winds
to investigate emergent features, such as the one detected when
scanning space-time images of turbulence.11 Using measures based
on information theory,12 such as mutual information, evidence of
regions of higher complexity have been identified where statistical
models of turbulence perform poorly such as at the top of the bound-
ary layer where transitions of stability regime occur.11 While the
location of strong and weak turbulence areas can be inferred, how
the dynamic system composed of multiple variables self-organizes
to produce such gradients, and consequently, the emergent pat-
terns remains unknown. While a decay in mutual information in
ocean surface 10 Hz wind data has been observed, which can be
comparable to the occurrence of gravity waves,11 drawing causal
inferences requires the exploration of the dynamics of the multivari-
ate system at the turbulence scale. Recently, Krich et al.13 estimated
process graphs using the PCMCI algorithm14 to test if causal net-
works are considerably more informative than correlation networks.
They confirmed the capacity of causal networks to extract time-
lagged dependencies under realistic settings while cautioning against
the interpretations depending on the method’s assumptions and
datasets used to infer causality. In our study, we move one step
forward in the study of turbulence to explore the evolution of
the dynamic multivariate interdependencies by characterizing the
structure of causal interaction and its evolution.

We use the causal structure represented as DAGs to identify
patterns of similar interaction and find the range of the variation
in which they occur. One way to ensure that we understand the
dynamic range of the configuration of causal structure is to per-
turb the system rapidly and see whether it exposes new modes of
variations. In general, we assume that the biosphere–atmosphere
system is an open but non-manipulable complex system. It is open
given that it exchanges matter, energy, and information with its

environment, while non-manipulable implies that it is not easy to
intervene in the system to expose causal dependencies. However, a
solar eclipse is a natural exogenous intervention on the whole system
that allows us to explore a range of causal dependencies, albeit lim-
ited to the effect of the rapid decrease and recovery of the incoming
solar radiation. Therefore, we explore the evolution of the system’s
causal structure to determine the range of causal structural behavior
for a clear sky day and under the effect of a solar eclipse.

To determine the causal structure and its evolution, we use
information flow to characterize temporally asymmetric interdepen-
dencies among variables.15,16 That is, we use information theoretic
metrics to identify how fluctuations in one variable instigate a
response in a linked variable at a later time. The causal structure
then represents the resulting network of interdependencies in the
multivariate system that is characterized as DAGs.16 Recent studies
have shown that DAGs are effective in representing causal depen-
dencies in such systems,17–19 such as for similar interaction patterns
and find the range of the variation in which they occur.15,20–22 How-
ever, such multivariate interactions at the turbulence scale at the
biosphere–atmosphere interface have not been explored before.

At high frequency, causal graphs in the form of DAGs have the
potential to provide a novel understanding of turbulence associated
with land–atmosphere exchange. In this study, we divide the high-
frequency observations in a sequence of minimal-size windows to
contain the sufficient length of data to allow for statistically robust
inference of DAGs. Changes in the structure of the DAGs across
these contiguous windows are then used to characterize the evo-
lution of the causal structure. We use the approach developed by
Runge to estimate the DAGs, where causal associations between
variables can be visualized as links in a complex interaction network.
Using a distance-based classification between DAGs,23 we quantify
structural differences between pairs of DAGs to identify variations
in the evolving structures. In conjunction with a k-means cluster-
ing approach, we find patterns of similar causal structure. In this
endeavor, information-theoretic metrics12 play a significant role,
offering a compelling approach to investigate causal dependencies
between the interacting variables.

In particular, we ask: Are there different types of causal struc-
tures embedded in the daytime turbulence of the land–atmosphere
exchange? To answer this question, we use the data for the mid-
afternoon period for two days. The first day, August 18, 2017, is
a clear sky day with a land-surface cover comprising a mosaic of
corn and soybean crops at their peak productivity. The second day,
August 21, 2017, corresponds to a solar eclipse with maximum
obscurity of 94% at the tower location. The same time windows are
chosen for both days and they cover the period from onset to clear-
ance of the eclipse. We create DAGs for all 3-min non-overlapping
but contiguous time periods for both days and use k-means clus-
tering to find common patterns in the DAGs. This gives us the
opportunity to capture and understand the different causal struc-
tures that manifest during this period, to see if a rapid decline in
solar radiation results in remarkably different causal structures. This
allows for assessing if the inferred causal structure is representative
of broader dynamical characteristics.

This paper is organized as follows: In Sec. II, we briefly intro-
duce the study site and summarize the basic concepts of informa-
tion theory and DAGs. Also, we present our novel approach to
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estimating the evolution of the causal structure using DAGs. In
Sec. III, we present the results of the evolution of the causal struc-
ture. Section IV discusses the findings on the causal structure of
the dynamics of the system at high frequency. Finally, in Sec. V, we
provide conclusions for the paper. Several factual and methodologi-
cal details are included in Appendixes A–F. Appendix A contains a
description of the instrumentation used in this study. Appendix C
shows an example of how to compare a pair of DAGs using a dis-
tance metric. In Appendix D, we test the performance of the distance
metric used for clustering. In Appendix E, we determine the num-
ber of edges in a fully connected DAG without contemporaneous
edges. Finally, in Appendix F, we determine the cross-covariance of
the time series used in the analyses to determine a wide range of
feasible dependencies, both causal and correlative.

II. THEORETICAL PRELIMINARIES

A. High-frequency eddy covariance data

A 25 m tall eddy covariance flux tower is located in the inten-
sively managed agricultural landscape of the Midwestern US, at
40.155N, 88.578W, Goose Creek Township, Piatt County, Illinois,
USA25,26 [Fig. 1(a)]. Instruments located at 25 m height of the tower

measure fluctuations in turbulent motion at 10 Hz, resulting in a
set of multivariate high-frequency time series. To measure the fluc-
tuations in turbulent motion at the tower site, we used a Li-7500
Infrared Gas Analyzer manufactured by LiCor Inc. and a CSAT3
Sonic Anemometer by Campbell Scientific Ltd at 25 m height.25,26

The incoming shortwave radiation (W/m2) is measured at 15-min
intervals [Fig. 1(d)] using a CMR4 Kipp and Zonen Pyranometer
located at 10 m height on the same tower.25,26 In Appendix A, Table I,
we include a description of the instrumentation used in this study.

To determine the causal structure of interactions, we use the
high-frequency time series of the horizontal wind speed, WS (m/s),
vertical wind speed, Uz (m/s), air temperature, T (◦C), water vapor,
H2O (g/m3), and, carbon dioxide mass density, CO2 (kg/m3

). We
use the data from a clear sky day, August 18, 2017 [Fig. 1(b)],
and from an eclipse day, August 21, 2017, when the tower was in
the path of 94% of totality [Fig. 1(c)] and the maximum obscu-
rity occurred at 12:19:53 (HH:MM:SS, U.S. Central Standard Time).
We subdivided the data into 3-min non-overlapping contiguous
windows. We chose this time interval based on the temporal res-
olution of our measurements. This interval ensured that we use
minimally required data to obtain statistically reliable estimates
of the information-theoretic metrics used to estimate the directed

FIG. 1. Time series of high-frequency data from a 25m tall eddy covariance flux tower offers a unique opportunity to investigate the interdependencies among components
of an ecohydrological multivariate system at the biosphere–atmosphere interface. (a) The tower is located in the agricultural Midwestern US (green dot), a region intensively
cultivated with corn (high = red, low = light ivory24) and other annual crops. (b) On August 18, 2017, the tower observed a mosaic of corn and soybean crops during a clear
sky day. (c) On August 21, 2017, the tower was under the 94% band of the totality of a solar eclipse. (d) The attenuation of the solar radiation (red line) due to the eclipse
and its contrast, with the clear sky day (blue line).
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TABLE I. Hydroclimatic variables measured at Goose Creek flux tower site.

Instrument Variables measured Height from land-surface (m)

Gas Analyzer Ecosystem densities of H2O and CO2 25
3D Sonic Anemometer Ux,Uy, and Uz wind components 25
Temp and RH sensor Air temperature and relative humidity 25
Pyranometer Incoming and outgoing shortwave and longwave radiation 10

acyclic graphs (DAGs) (Sec. II B). Our choice led to 1800 data points
per variable for the estimation and also we can use the variation
between these non-overlapping windows to capture variations in
the dynamics. The choice of when a time interval starts is driven by
the 3-min interval at the time of maximum obscurity (i.e., 12:19:53
CST on August 21, 2017). The high-frequency data are standardized
by subtracting the mean and dividing it by the standard deviation
for each variable within the 3-min windows. All estimates are per-
formed independently for each window. In Appendix B, we discuss
the measurement error for each variable and the significance of the
variation in the high-frequency data.

B. Directed acyclic graphs (DAGs) representation

A DAG for time series is a network structure denoted here
as G = (V, E), which consists of a set of vertices V and edges E,
where an edge is directed from one vertex to another in a set of
ordered pairs (i, j) ∈ V × V. Alternatively, vertices and edges are
called nodes and links, respectively. A DAG is “acyclic” in that the
links never form a closed-loop.10 Two vertices u and v are “con-
nected” if G contains a path from u to v, otherwise, the vertices
are “disconnected.” If the vertices are additionally connected by
a path of length 1, i.e., by a single edge, the vertices are called
adjacent. In this study, we use DAGs for time series showing the
observed variables, such as temperature, wind speed, and water
vapor, as nodes while the links denote interactions among them
at lagged times [Figs. 2(e) and 2(f)]. A DAG, which is a graphical
representation of the underlying structural causal model,28 reflects a
near-instantaneous state of the dynamics of the system.31,32

The interactions are seen as a result of information flow arising
when fluctuations in one variable instigate fluctuations in a linked
variable.28 Directed edges between variables in a DAG are inter-
preted as causal links where the methods used for their estimation
measure the statistically significant magnitude of information flow
and associated time delays, while at the same time excluding the
influence of other indirect influences or common drivers.28

C. Identification of DAGs

Quantifying causality was first envisioned by Wiener33 and later
formulated by Granger, anchored on observational data and sta-
tistical dependency. For two-time series variables, Granger34 char-
acterized causality as the reduction in the variance of a target
variable Zt due to the knowledge of a lagged source variable Yt−τ ,
where τ > 0. This approach accounts for the statistical depen-
dency of one (or multiple) lagged source(s) on a target variable.
It can be extended to consider the entire probability distribution
using information-theoretic measures such as transfer entropy.28,29

In general, information-theoretic metrics provide avenues to quan-
tify information flow among interacting variables.32 In our study,
we used the Tigramite package version 2.0 beta27–30 for generating
the directed acyclic graphs, a Python package that implements a
causal discovery algorithm based on the PC algorithm10 and many
conditional independence tests. The choice of the specific condi-
tional independence test is left to the user, and in our case, we
use the non-parametric CMI-knn dependency measure for its effec-
tiveness in high-dimensional and non-linear data settings.35 CMI
is estimated by combining the Kozachenko–Leonenko k-nearest-
neighbor entropy estimator,36 which is generalized for CMI,37 with a
nearest-neighbor local permutation scheme. The CMI-knn depen-
dency measure is used to test for the conditional independence
between all possible pairs of nodes and test all combinations among
them, to identify the links of interactions.28 The union of edges from
the parents and links without including any contemporaneous links
comprises the DAG.28 Therefore, to estimate the joint density, we
make no assumptions about the parametric form of the dependen-
cies, and the CMI, I(X; Y | Z), between X and Y given Z, is given
by35

I(X; Y | Z) =
∫

p(z)

∫∫
p(x, y | z) log

p(x, y | z)

p(x | z) · p(y | z)
dxdydz,

(1)

where p represents the appropriate univariate or joint PDF. This
is combined with a shuffle test for statistical independence that is
used to generate the distribution under a null hypothesis of statistical
independence.35 The knn estimator for the CMI is given by35

Î(X; Y | Z) = ψ(k)+
1

T

T∑

t=1

[
ψ

(
kZ,t

)
− ψ

(
kXZ,t

)
− ψ

(
kYZ,t

)]
, (2)

where ψ is the Digamma function35 and k is the number of nearest-
neighbors, T is the sample length, and kZ,, kXZ, kYZ are the number of
neighbors in the respective subspaces.35 Large k provides a low vari-
ance of the estimated CMI, which is important for the significance
test.37

D. Clustering DAGs

To determine the different types of causal structures, we use
clustering of DAGs to find patterns of similar behavior. In our study,
each DAG represents the near-instantaneous (3-min average) state
of the dynamics of the multivariate system. To compare a pair of
DAGs, we use a distance metric proposed by Malmi et al.,23 as briefly
summarized here. The Kendall-tau distance K(Gl, Gm) between a
pair of DAGs, Gl and Gm, is the number of all concordant and discor-
dant vertex pairs between them. A metric to compare DAGs based
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FIG. 2. Time series of standardized 10 Hz data and the directed acyclic graph representation, for five variables: horizontal wind speed (WS), vertical wind speed (Uz), air
temperature (T), carbon dioxide mass density (CO2), and water vapor mass density (H2O). (a) We use data from 10:46:53 to 14:01:53 CST (U.S. Central Standard Time)
on August 18, 2017, and (b) the eclipse day, August 21, 2017. The maximum obscurity (red dashed vertical line) occurs at 12:19:53 CST (darker colors indicating proximity
to this time). The partial eclipse starts at 10:52:45 CST and ends at 13:44:21 CST (black dashed vertical lines). Times series of 3-min windows for (c) 12:19:00 to 12:22:00
CST for the clear sky day and (d) the eclipse day, the DAG [(e) and (f)] generated using Tigramite.27–30

on the configuration of vertices is possible given that all DAGs have
the same vertices (nodes), and, therefore, a vertex (link) correspon-
dence between any pair of DAGs is known. For a pair of DAGs,
Gl = (V, El) and Gm = (V, Em), two vertices of V are denoted as
i and j, and i < j if i ∈ V precedes j ∈ V. As mentioned before,
V is fixed and common between the two DAGs being compared.
Two edges connecting the previous vertices are denoted as e = (i, j)
and f = (j, i), where f is e with reversed direction. In Malmi et
al.,23 the distance measure for comparing DAGs uses parameters p
and q to penalize pairs of items where one or both DAGs do not
make a clear ordering decision. The values of p and q, where 0 ≤ p,
q ≤ 1, are chosen by the user for a desired balance between sensi-
tivity and specificity. The distance between two DAGs is denoted by

K
(p,q)
i,j (Gl, Gm), which is the sum of penalties associated with vertices

i and j, using the fixed parameters p and q, as follows:

K(p,q) (Gl, Gm) =
∑

(i,j)∈V×V
i<j

K
(p,q)
i,j (Gl, Gm). (3)

In Appendix C, we provide a detailed description and an example
for the estimation of the distance metric K when implementing the
penalizations for DAGs for time series. From now on, we omit p
and q from the notation by specifying p = 1 and q = 0 and write
K (Gl, Gm) instead of K(p,q) (Gl, Gm). We do not penalize using q,
given that the DAGs obtained from our data are sparse and we do
not expect to have pairs of identical empty (i.e., fully disconnected)
or complete (i.e., fully connected) DAGs. Note that even though
the definition of K (Gl, Gm) is based on an ordering of vertices, the
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final result does not depend on that. To test the performance of the
K (Gl, Gm) metric, we evaluated two scenarios that are included in
Appendix D.

In this study, we use the distance measure K (Gl, Gm) between
DAGs for clustering.23 Given a set of DAGs, Gl, . . . , GM, and a can-
didate centroid C = (V, E), we can estimate the cost of not having
the edge (i, j) in the centroid, as b(i, j),23

b(i, j) =
M∑

m=1

Kij

(
Gm, Gempty

)
, (4)

where Gempty is a DAG with no edges. Similarly, w(i, j) is the cost of
having (i, j) as an edge in the centroid,

w(i, j) =
M∑

m=1

Kij (Gm, Gfull) , (5)

where Gfull is a fully connected DAG without any contemporaneous
links since they do not reflect causal relations. The estimation of Gfull

is included in Appendix E. This gives us23

M∑

m=1

K (Gm, C) =
∑

e∈E

w(e)+
∑

e/∈E

b(e). (6)

Now, consider P = {e ∈ V × V | w(e) < b(e)} as the set of all poten-
tial edges in the centroid. However, since P may contain cycles,
we determine the subset of edges in the centroid E, E ⊆ P.23 For
each edge e not included in the centroid, we account for regret,23

r(e) = b(e)− w(e), which is a penalty for not having the edge in C.
We can write the regret cost as23

M∑

m=1

K (Gm, C) =
∑

e∈P

w(e)+
∑

e/∈P

b(e)+
∑

e∈P\E

r(e), (7a)

∑

e∈P\E

r(e) =
∑

e/∈P

b(e)−
∑

e∈P

w(e). (7b)

To estimate the centroid of a set of DAGs, we minimize regret using
a Greedy algorithm.23 Briefly explained, in the Greedy algorithm, we
order the edges based on regret cost, where edges with the small-
est regret go first.23 Note that we only need to consider edges that
have appeared in at least one of the input DAGs, since w(e) < b(e)
cannot hold for the other edges. Then, we keep adding edges to
the DAG denoted as centroid, in order, ignoring the edges that
create cycles. In Malmi et al.,23 Greedy algorithm’s approach out-
performed another algorithm for which there is a constant approx-
imation guaranteed. Therefore, in our study, we use the Greedy
algorithm to estimate the cluster’s centroid. For further details in the
Greedy approximation of DAG aggregation, we refer the reader to
Malmi et al.23

Our purpose for clustering DAGs is to find groups of similar
causal structures, which we consider representative of the near-
instantaneous behavior of the system. For clustering DAGs, we use a
k-means approach.38 To update the cluster centroid in each iteration,
we use the previously described Greedy algorithm. Given a set of M
DAGs Gl, . . . , GM, we find k clusters P1, P2, . . . , Pk, with centroids

denoted by C1, C2, . . . , Ck, and find23

k∑

i=1

∑

G∈Pi

K(p,q)(G, Ci) (8)

is minimized.23 Therefore, from a set of centroids, we group the
input DAGs into clusters by minimizing the distance among them.
After the clusters are formed, we find the centroid of each clus-
ter. The initialization of the algorithm is random and updated
after several restarts using the Greedy algorithm, which updates the
centroids.23 We run five restarts with random initial cluster assign-
ments and select the run which minimizes the clustering cost. A
challenge using a k-means type of approach for clustering is the
random selection of the initial centroids, which have a significant
impact on the results.39 We select a seed to initialize the Mersenne
Twister random number generator,40 resulting in the same random
numbers after each call to the random number generator, guar-
anteeing the reproducibility of the results. We use the nominal-k
method41 as seed, a rule of thumb based on the number of elements
to be clustered, n, as follows:

s =
√

n/2. (9)

While the selection of the seed for the Mersenne Twister algorithm
used to shuffle is arbitrary, the seed only determines where we start
in a very long list of pseudorandom numbers uncorrelated with each
other, which is used as a generator.

E. Determining an unbiased number of clusters

One of the challenges of using k-means approach for clustering
is the selection of the number of clusters, k, which can be subjective.
In Malmi et al.,23 k is an input parameter, which is set along with
p and q. However, we require objective criteria for unbiased deter-
mination of k to explore causal inference from the system’s con-
nectivity. We achieve this by proposing a Dunn index42 for DAGs
and it is calculated as the ratio of the minimum of inter-cluster
DAG distances and the maximum of intra-cluster DAG distance
using the K(Gl, Gm)metric. This index measures the compactness of
the generated clusters by accounting for the maximum intra-cluster
distance, that is, the maximum distance between DAGs and the cen-
troid of a cluster. Also, the Dunn index for DAGs considers cluster
separation using the inter-cluster distance, that is the minimum dis-
tance between clusters of DAGs. Let δ(Ci, Cj) be the inter-cluster
distance, between clusters Ci and Cj, the distance between the clus-
ters centroids. Therefore, the Dunn index (DI) for DAGs for m
clusters are defined as follows:

DIm =
min

16i<j6m
δ(Ci, Cj)

max
16l6m

1l

, (10)

where1l refers to the intra-cluster distance for each cluster l.
A higher value of DIm is associated with better clustering. The

optimal number of clusters k is chosen as the one associated with
the highest value. The Dunn index helps us to identify sets of clus-
ters that are compact, with a small variance between members of the
cluster, and well separated, where the means of different clusters are
sufficiently far apart, compared to the within-cluster variance.
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FIG. 3. Time-ordered distribution of clustered DAGs, for a clear sky (blue) and the eclipse (red) day, for different numbers of clusters, k: (a) k = 3, (b) k = 4, (c) k = 5, and
(d) k = 6.

III. RESULTS

A. Causal structure and their evolution

We use a series of consecutive DAGs to explore the evolution
of the causal structure that reflects the temporal interdependencies
among the observed variables. We subdivide the 10 Hz multivariate
time series from 10:46:53 CST to 14:01:53 CST (Central Standard
Time) in non-overlapping contiguous 3-min windows, resulting in
66 windows of 1800 data points per variable for each window, for
August 18 and 21, 2017. We estimate the DAG for each window
using the Tigramite package version 2.0 beta,27–30 which is a modified
PC algorithm (i.e., Peter and Clark algorithm),10 with the momen-
tary information transfer (MIT) based conditional independence
test to remove the spurious relationship between two nodes that
is not causally related, and which may arise due to factors such as
measurement error, sampling bias, or the influence of unobserved
variables.17 By doing so, we ensure that the DAG for each window
accurately represents the causal relationships among the variables
in that window. Each conditional independence test is performed
based on 100 samples with a significance level of 0.05. Although only
five members of an ensemble would lie at the tail of a distribution
under this significance level, we are not making a statement about
the absolute certainty of our results. Rather, we are using the sig-
nificance level as a measure of evidence against the null hypothesis,
which is that there is no causal relationship between the variables
of interest. For the empirical estimation of all information-theoretic
measures, we select the k-nearest neighbor (knn) method.37,43 In
this study, knn is used to compute CMI with the nearest-neighbor

parameter k = 100. A high value of k reduces the variance of the esti-
mated CMI;37 however, it has been recommended that k be 5%–50%
of the time series length.17 The maximum Markovian time lag used
for establishing the directed edges between lagged variables is set
to 9. We selected this value based on the autocorrelation function
of the eddy covariance measurements. This value allowed us to
capture the dominant temporal dynamics of the system while avoid-
ing overfitting the model. Our analysis focused on fast-time-scale
land–atmosphere interactions, which typically occur within seconds
to minutes. When each DAG is plotted [Figs. 2(e) and 2(f)], the
thickness of each edge represents the coupling strength between two
connected nodes, which is given by MIT.28

After we estimate the DAGs, we use their sparse adjacency
matrices to analyze the evolution of the network structure. To obtain
each adjacency matrix, we use the MIT weighted values between
each pair of lagged nodes, which are connected when their MIT
is larger than a significance threshold that is estimated using the
shuffle test as described in Runge et al.28 We extract the adjacency
matrices from the DAGs using the NetworkX Python package.44

After creating a group of adjacency matrices, we estimate the DAG
clusters using the k-means algorithm described in Sec. II D. While
clustering, each DAG is treated as an element inside a cluster of sim-
ilar DAGs. Using the distance metric between DAGs, K (Gl, Gm), we
estimate different numbers of clusters, k, showing variability in the
composition of the DAGs (Fig. 3, red and blue dots, respectively).

We observe that each cluster is a mix of the DAGs from both
days. However, when the number of clusters increases, for instance
for k ≥ 5, we observe that a cluster is formed uniquely by DAGs of
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the early dynamics of the partial eclipse [Figs. 3(c) and 3(d), cluster
#1 and #4, respectively]. However, since the selection of the opti-
mum number of clusters, k, can be subjective, we use the Dunn index
for DAGs [Eq. (10)] as a quantitative criterion to select the opti-
mal number of clusters. The results from the Dunn Index [Fig. 4(c)]
indicate that k = 3 offers the most parsimonious classification of the
structure of the DAGs obtained from data on both days.

Does the causal structure change over time and are their pat-
terns of connectivity statistically distinguishable? To answer this
question, we use the clusters associated with k = 3 and we plot the
time-ordered distribution of the DAGs for a couple of metrics and
indexes (Fig. 5), as described below.

First, we estimate the distance K (Gl, Gm) between each pair
of consecutive DAGs in the sequence, i.e., Gt−1 and Gt for all t
[Fig. 5(a)]. Note that Gt−1 and Gt refer to a DAG at a lagged
time t − 1 with respect to the current DAG at time t. In this
case, a larger distance between the pair indicates a rapid change
in structure. On the other hand, if the distance decreases between
two consecutive DAGs, they become more similar to each other.
If there is no change in the distance, the consecutive DAGs
are identical in terms of their causal structure. We observe that
clusters of DAGs with similar dynamics are identifiable thereby
reflecting patterns of similar behavior (Fig. 5, cluster #1 to #3,
respectively). In general, the distance between consecutive DAGs
is smaller during the eclipse [Fig. 5(a)], meaning that the DAGs
are more similar to one another in comparison to the DAGs
on the clear sky day. Next, we account for the distance between
each DAG and a hypothetical fully connected DAG [Fig. 5(b)].
In this case, a larger distance between them is an indicator of a
sparser DAG. On the other hand, the smaller the distance, the
denser the DAG is, and, therefore, the more similar to the fully
connected DAG. We observed that, in general, the DAGs of the clear

sky day have a smaller distance to the fully connected DAG than the
ones on the eclipse day. Therefore, the DAGs of the clear sky day are,
in general, denser and therefore, more similar to a fully connected
DAG. Therefore, in general, they show more interdependencies
among variables in comparison to the eclipse day.

To facilitate the recognition of the patterns, we propose a cou-
ple of indices to characterize the evolution of the causal structure of
DAGs. We consider two types of evolutionary indices: the degree
of relative change, Dr, and the degree of connectivity, Dc. For a
sequence of consecutive DAGs, the degree of relative change, Dr, is
estimated as the ratio between the distance of any two consecutive
DAGs, Gt−1 and Gt, and the number of edges, e, in the lagged DAG,
Gt−1, as follows:

Dr =
K(Gt, Gt−1)

eGt−1

. (11)

Note that Dr is always positive. It is less than 1 when the distance
of any two consecutive DAGs is larger than the number of edges,
e, in the lagged DAG, Gt−1, and more than 1 otherwise. During the
eclipse day [Fig. 5(c)], Dr is less than 1 near the time of the maxi-
mum obscurity and thereafter, which coincides with the formation
of patterns of similar consecutive DAGs that do not change much in
terms of their structure [Fig. 5(c)]. On the other hand, during a clear
sky day, Dr is usually larger than 1. Therefore, the interdependen-
cies shown by the DAGs of the clear sky day reflect a more dynamic
behavior of the system than during the eclipse day.

The degree of connectivity, Dc, accounts for the ratio of the dis-
tance, K(Gt, Gfull), estimated between each DAG from time series,
Gt, and a hypothetical fully connected DAG, Gfull, and the number

FIG. 4. We use the Dunn index for DAGs to determine the number of clusters, k, for (a) a clear sky day, August 18, 2017, (b) the eclipse day, August 21, 2017, and (c) the
combined DAGs from both days. The selected number of clusters k = 3 (black filled dot) refers to the maximum Dunn Index when using all DAGs, which is also the maximum
and the first local maximum in (b) and (a), respectively.

Chaos 33, 083139 (2023); doi: 10.1063/5.0131468 33, 083139-8

Published under an exclusive license by AIP Publishing

 22 Septem
ber 2023 16:02:43

https://pubs.aip.org/aip/cha


Chaos ARTICLE pubs.aip.org/aip/cha

FIG. 5. Metrics and indices show the evolution of the causal structure of the system for the time-ordered clustered DAGs. The filled dots refer to DAGs in cluster #1 (yellow
color), cluster #2 (red color), and cluster #3 (blue color). The lines connect DAGs of the same day, for the clear sky (blue) and eclipse day (red). The metrics are the (a)
distance between two consecutive DAGs and the (b) distance between each DAG and a hypothetical fully connected DAG. The index refers to the (c) degree of relative
change, Dr [Eq. (11)], and the (d) degree of connectivity, Dc [Eq. (12)].

of edges in the fully connected DAG, eGfull
, as follows:

Dc = 1 −
K(Gt, Gfull)

eGfull

. (12)

The estimation of the number of edges in the fully connected DAG is
described in Appendix E. Note that Dc is always positive because the
number of edges in Gfull is always larger than the distance between
any pair of DAGs formed by a sparse DAG and a fully connected
DAG. Given that Gfull is a constant, a larger Dc refers to a denser
DAG. In other words, the closer Dc is to 1, the better connected the
DAG. We observe that the DAGs are sparse, with Dc values ranging
from 0.05 and 0.27, approximately. Furthermore, we observe that,
in general, the connectivity of the DAGs is lower for the eclipse
day when compared to that of a clear sky day [Fig. 5(d)]. There-
fore, we find that the perturbation created by the solar eclipse causes
a slight decrease in the connectivity associated with the dynamics
of the turbulent system with respect to that during a clear sky day,
where Dc is generally higher. Moreover, we observe that the degree
of connectivity fluctuates within a range of variations, which can be
slightly altered and recovered, even under the solar eclipse driven
intervention on the whole system.

For the selected number of clusters, k = 3, each cluster’s cen-
troid can be seen as representing the average behavior within a
cluster, which is estimated as described in Sec. II D. However, such
centroids are synthetic DAG representations that are not associated
with or derived from a time series of observations. For this reason,
we look for the DAG from an observed time series that is closest to
the centroid of each cluster for the representative behavior associ-
ated with the cluster. Moreover, the closest DAGs to the centroid
of the clear sky and eclipse day (Fig. 6, blue and red dots above the
closest DAG to the centroid, respectively), are useful to determine
the dynamics associated within the same cluster.

Some measures of statistical dispersion for each cluster are also
useful to characterize the configuration of the clusters (Fig. 6). For
example, the average distance of all DAGs within a cluster to the cen-
troid of that cluster is approximately the same (i.e., ≈125), although
the number of DAGs inside each cluster varies. Cluster #3 has the
largest number of DAGs within the cluster, followed by cluster #1
and #2. In addition, cluster #2 among the three clusters has one DAG
from observations that is closest to the synthetic centroid. To plot
the synthetic centroids (Fig. 7), we modified the Tigramite17,27,28,45

plotting script where we use the resulting adjacency matrix of the
centroid of each cluster to generate the synthetic DAG. Note that
the thickness of the edges in the synthetic DAGs associated with the
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FIG. 6. Distance between the centroid of a cluster and the DAGs inside the clus-
ter. For each cluster, the closest DAG to the centroid (i.e., minimum distance) can
either be from a clear sky (blue) or the eclipse (red) day. The minimum and maxi-
mum distance between the centroid of a cluster are the closest and farthest DAG
(i.e., shadow gray area), along with the average distance (i.e., black dashed-dot-
ted line), the standard deviation (i.e., error bars), and the number of DAGs inside
each cluster (i.e., blue dashed line), provide insights of the composition of each
cluster that is formed from a combination of DAGs from both days.

centroids does not represent a differential weight on the connectivity
between a pair of nodes, but merely the causal connectivity between
them. The synthetic centroids [Figs. 7(a)–7(c)] show the main
characteristics of the causal dependence among variables for each
of the three clusters.

B. Interpreting changes in the causal structure

For the physical interpretation of the dynamics for each clus-
ter, we note that the variables in the DAGs can be classified into
three groups based on both their nature and role. First, the horizon-
tal and vertical wind components, WS and Uz, reflect the dynamic
character of the atmosphere. Second, the temperature, T, reflects the
thermodynamic behavior. Third, CO2 and H2O are associated with
scalar transport at the biosphere–atmosphere interface. Examining
the behavior of interactions among these three different groups facil-
itates the interpretation of causal interactions. We characterize the
differences among the clusters using the DAGs from the time series
that is closest to the centroid that belongs to each cluster. However,
to physically interpret the causal dynamics of each cluster, we need
to identify the distinguishable features of each cluster. In the DAGs
from time series, the strength of the connectivity between variables
is shown by the thickness of the edges linking the source and target
variables (Fig. 7), that is, thicker edges refer to stronger dependen-
cies between the lagged stages of the variables.28,29 The x axis in a
DAG shows a lagged time with respect to a current time t expressed
by t − τ , where τ is a positive time lag equal to 0.1s. Therefore, each
illustrated DAG in Fig. 7 shows the connectivity of the multivariate
set for up to one second.

For cluster #3 [Figs. 7(d) and 7(g), for the eclipse and the clear
sky day, respectively], the dynamics of the horizontal WS, and verti-
cal wind speed, Uz, are largely causally self-dependent. However, the
thermodynamics, T, has a weak causal influence on WS. However,
T strongly influences the scalar transport of CO2 and H2O. That is,
thermodynamics is the primary causal influence on scalar transport.
Furthermore, CO2 and H2O also show causal dependence on each
other at one-time step lag. This finding is consistent with the strong
coupling of photosynthesis and transpiration during the period of
high primary productivity. However, it is intriguing that this depen-
dency is manifest in the data at high frequency in spite of the mixing
through the large flux footprint associated with measurements at
25 m height.25

For cluster #1 [Figs. 7(f) and 7(i), for the eclipse and the clear
sky day, respectively], we observe that the dynamics are similar to
those as in cluster #3. Similarly, the dynamics of the horizontal
WS, and vertical, Uz, wind speed are largely causally self-dependent.
However, we observe that the vertical wind Uz has some influence
on temperature, T, and in the horizontal wind, WS, while the ther-
modynamics, T, is strongly coupled to the scalar transport of H2O
and CO2.

For cluster #2 [Figs. 7(e) and 7(h)], the dynamics of the hor-
izontal WS, and vertical wind speed, Uz, are decoupled from the
thermodynamics, T. Therefore, the scalar transport of CO2 and H2O
depends only on the thermodynamics with weak coupling between
them. An additional distinguishable feature in cluster #2 is the weak
causal self-dependency of temperature T, which can lead to a com-
plete self-decouple [Fig. 7(e)]. However, even if the temperature
shows a causally self-decoupled behavior during the eclipse, it still
sustains the dynamics of the scalar transport of H2O and CO2.
Therefore, cluster #2 is mainly characterized by decoupling between
the two main attributes controlling the dynamics of the whole sys-
tem at turbulent scales: the dynamic influence of the atmosphere
given by the wind, and the influence of the thermodynamics, which
is strongly associated with the scalar transport.

In this causal inference analysis, we distinguished the predomi-
nant role of the influence of the thermodynamics from the influence
of the dynamics of the wind on the scalar transport, for both H2O
and CO2. While the general concept is that the vertical wind is
what transports the scalars in the biosphere–atmosphere interface,
we here observe that thermodynamics has a more relevant role for
the given conditions. At 25 m height, the roughness effect from the
surface is not a major control in the turbulent transport of scalars,
given that our results suggest that the influence of the thermody-
namics on the buoyant movement of scalars is more dominant. In
addition, the influence of the wind on temperature was not observed,
while the thermodynamics are more likely to occasionally weakly
influence the horizontal and vertical wind speed (Fig. 7, cluster #3
and cluster#1, respectively).

We note that the results presented here in the context of consid-
ering causal dependencies are a subset of the dependencies that can
be found when analyzing time series from observations. Specifically,
causal dependencies are carried out by the propagation of fluctua-
tions and are characterized by being temporally asymmetric, mean-
ing that one variable influences the future of another variable asym-
metrically in time.15,16 Other dependencies, which are not causal,
include contemporaneous correlative dependencies or those arising
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FIG. 7. Synthetic centroids and closest DAGs from time series to each cluster’s centroid. The synthetic centroid shows the average of the dynamics of (a) cluster #3 (in
yellow), (b) cluster #2 (in red), and (c) cluster #1, in blue. The closest DAGs from time series to each cluster’s centroid for the eclipse (d)–(f) and the clear sky day (g)–(i).

due to a common driver. The first of these two are not included as
they are deemed non-causal at the time resolution considered here,
while the latter are minimized, but not completely eliminated, due
to the Markovian assumption associated with DAG construction.
For the cases where a variable seems to be self-decoupled in the
causal analysis, such as in the case CO2 and T [Fig. 8(a) and 8(b),
respectively], the causal dependencies might be near-instantaneous,
meaning that they occur before a 0.1s time lag or that the influence
might come from a longer time lag than τ = 9, causing the links to

disappear from the causal graph. However, a lagged influence for
τ > 9 seems to be unlikely given the rapid nature of the interactions
in the system. To further explore this self-decoupling behavior, we
can alternatively use the time series to explore cross-covariance anal-
ysis to capture correlative dependencies (Figs. 15–21 in Appendix F).
Particularly for CO2 [Fig. 8(c)], the auto-covariance of CO2 shows a
strong instantaneous auto-correlation at time zero that very slowly
dies out as the time lag increases. In the case of the self-decoupled T
[Fig. 8(d)], we observe a very strong auto-correlation at time zero
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FIG. 8. DAGs that show the apparent absence of causal self-feedback on the dynamics of variables at turbulent scales. A unique case for (a) CO2 at 12:19–=12:22 on August
21, 2017, and an example of the more frequent case of absence of self-feedback for (b) temperature, as observed at 12:58–13:01 on August 21, 2017. From a non-causal
perspective, the auto-covariance of CO2 [Fig. 8(c)] and T [Fig. 8(d)], shows a very strong auto-correlation at time zero, which dies out after a few seconds.

that rapidly dies out after a few seconds. Therefore, these results
suggest that the self-decoupling behavior shown in the DAGs for
CO2 and T is associated with the near-instantaneous nature of the
self-dependence.

In addition, we observed a particular behavior in the DAG in
Fig. 8(a). In general, during the daytime, we expect the influence
of the thermodynamics on the scalar transport of CO2 and H2O,
as well as from the dynamics of the wind, both from the horizon-
tal, WS, and vertical wind speed Uz. However, we would not expect
the scalars to influence and modify the dynamics unless they have
the ability to modify material properties. That is precisely what we
observed in Fig. 8(a). During the eclipse day, our results suggest that
the presence of water in a stagnating environment due to the effect
of the solar eclipse might have changed the air density in a subtle
way, resulting in the temporal lagged influence of H2O on the hor-
izontal wind speed, WS, which we did not expect to observe at this
fine resolution.

C. Inferring the creation of patterns of similar

behavior

After identifying the distinguishing attributes of each cluster
(Sec. III B), we can now infer the behavior of the causal evolution
of the system, as observed from the time-ordered distribution of the

DAGs for the three clusters (Fig. 9). On the clear sky day [Fig. 9(a)],
most of the dynamics first exhibit the behavior of cluster #2, char-
acterized by the decoupling of the wind from the scalar fluxes, H2O
and CO2, causally driven by thermodynamics. Over time, the cou-
pling structure tends to evolve toward the behavior of cluster #3,
characterized by a high, albeit weak connectivity within the vari-
ables, with a weak coupling of the wind to the dynamics of the scalar
transport of H2O and CO2, and stronger control of the thermo-
dynamics. Therefore, we can infer that during a clear sky day, the
dynamics of the system tend to easily fluctuate between the states of
decoupling and weak coupling [Fig. 9(a)].

On the other hand, during the eclipse day [Fig. 9(b)], many of
the DAGs that correspond to the behavior of the cluster #3 occur
before the maximum obscurity, characterized by a high albeit weak
connectivity of the system, where the scalar transport of H2O and
CO2 is mainly influenced by thermodynamics but also by the weak
influence of the wind. As the solar eclipse reaches the maximum
obscurity and immediately after, the system transitions to a clus-
ter #2 behavior, characterized by the decoupling of the dynamics of
the wind from the thermodynamics and the scalar transport of H2O
and CO2. As the partial solar eclipse progresses, the system reaches a
cluster #1 behavior, where the main characteristic is the recovery of
the influence of vertical wind speed on H2O and CO2. Based on these
results, we infer that the intervention on the dynamics of the system
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FIG. 9. Causal inference to determine the tendency of the behavior of the system over time. The time-ordered distribution of the clustered DAGs for k = 3 shows different
patterns of behavior for the (a) clear sky (blue dots) and the (b) eclipse day (red solid dots).

created by the eclipse forced the system to behave differently than
during a clear sky day, creating more consistent patterns of similar
behavior over time [Fig. 9(b)].

IV. DISCUSSION

Turbulence at the biosphere–atmosphere interface creates a
nonlinear system of multivariate interdependencies with a changing
structure of coupling among its components. The rapid interac-
tions among variables at high frequency, such as wind speed, air
temperature, water vapor, and CO2, create a network of complex
interactions where information flows among variables at lagged
times and defines its causal structure. Over time, these networks of
causal dependencies propagate fluctuations that produce patterns of
similar behavior at high frequency under the influence of a strong
intervention of the dynamics of the system. The causal structure of
a complex system encodes the evolution of its causal history, sim-
ilar to how an organism’s form is a functional manifestation of its
ancestor’s evolutionary and its own developmental memories.46

In this study, we consider three key aspects to help clarify the
interpretation of our results. First, changes in the causal structure
represented by the DAGs result from changes in the dependen-
cies among the variables. Second, the interdependencies among the
variables arise due to the propagation of fluctuations or variations
among them. Third, causal dependencies are generally asymmet-
ric, indicating that the strength of influence of a variable such as
T(t − 1) → H2O(t) is typically not the same as H2O(t − 1) → T(t).
An additional aspect pertains to the relevance of using data from a
solar eclipse to study the evolution of causal structures in turbulence
at the biosphere–atmosphere interface. We use this unique interven-
tion as part of our analysis, not to highlight the behavior of eco-
hydrological processes under this particular condition, but because
during such a short period, the dynamics of the entire system are
subject to the rapid decline and recovery of solar radiation.

Our results show the ability of our approach to determine the
patterns of the inherent causal structure in turbulence. The cen-
troids for each cluster of DAGs are representative of the behavior of
the time-dependent nonlinear multivariate interactions. Our results
show the emergence of patterns of persistent behavior (Fig. 5). Both
during a clear sky day and during a solar eclipse, the dynamics main-
tain a certain order on the causal structure that exhibits particular
attributes encapsulated in the cluster classification, whose effects
persist for a period to create patterns. We observe that there is a
certain stability in the causal structure of interactions that allow
for reorganization as the atmospheric conditions change, even dur-
ing the effect of a strong intervention from the eclipse. This leads
us to postulate that while each variable can tell us about its own
temporal characteristics [Figs. 2(c) and 2(d), respectively], the high-
frequency observations reveal information about the influence of
other variables, which together, sustain the system dynamics. The
slight reduction in the connectivity of the multivariate system where
the wind dynamics tend to decouple from the thermodynamics,
and from scalar transport (CO2 and H2O) dynamics (Fig. 7, cluster
#2), have a strong pattern that lasts longer in comparison to when
the system experiences a larger interdependency (Fig. 7, cluster #3,
in yellow, and cluster #1, in blue, respectively). Our results sug-
gest that at turbulence scale, the system tends to fluctuate through
self-organization in alternate states of high and low connectivity
but bounded within a range. Here, we define this as the “system
resilience to information flow,” which reflects the ability of a sys-
tem to recover when there has been a disruption or intervention
in the typical behavior of the system to ensure the continuity of
information flow.

V. CONCLUSIONS

We use the time series of turbulent observations at 10 Hz from
a 25 m tall eddy covariance flux tower to explore the evolutionary
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dynamics of the system at turbulent scales. Non-linear interactions
among components in a turbulent and multivariate complex system
determine its causal structure, which evolves due to changes in infor-
mation flow among component variables. The causal structure refers
to a network representation that shows the connectivity of the infor-
mation transfer among components of the system. We explore the
evolution of the causal structure during a clear sky day and under
the effects of a solar eclipse, a unique natural intervention into the
dynamics.

Our approach to exploring the evolution of the causal structure
using DAGs allows us to investigate the rapid changes in the inter-
dependencies of turbulence at the biosphere–atmosphere interface.
By using 10 Hz data, we have moved beyond the detection of con-
temporaneous dependencies observed in time-averaged datasets,13

to explore the lagged influences resulting from self-feedback and
cross-dependencies that shape the causal structure. The approach
is based on information-theoretic metrics and a k-means type of
clustering approach to classifying the DAGs in groups of similar
and unique causal structures. When we estimate the evolution of
the causal structure of the turbulence system under the influence
of the rapid but progressive solar radiation limitation and recovery
experienced during a solar eclipse, our results show the formation of
behavioral patterns of similar causal structures. We find three well-
defined clusters of structural connectivity in the system. Our results
show that the multivariate system is likely to experience a reduc-
tion of structural connectivity, which is eventually recovered to a
higher state of connectivity. We also find the peculiar cases of the
decrease of self-feedback of its dynamics, such as for T and CO2,
which are addressed from methodological and phenomenological
perspectives.

Our findings have broad implications for the understanding
of turbulence systems. We acknowledge that dynamical equations
as represented by Navier–Stokes equations have the potential to
explain these behaviors, but they have not yet been fully exploited
to do so. In the absence of that, we use a structural causal model to
determine the patterns of similar dynamics of the multivariate sys-
tem to explore its evolution using a sequence of DAGs. Each DAG
represents the dynamic state of the connectivity of the multivariate
system at consecutive times on the overall causal trajectory of the
system. Such behavior emerges from the nonlinearities within the
system, where the interdependencies among components of the sys-
tem change over time through self-organization. We observed that
the connectivity of the system fluctuates within a stable range of vari-
ations, allowing us to define patterns of evolution of its dynamics.
Inferring causality to draw conclusions from observations requires
some assumptions,10,47 such as the Markov assumption, faithful-
ness of the DAGs to represent the dynamics of the system, causal
sufficiency, causal stationarity inside each 3-min window, and no
contemporaneous causal effects. We acknowledge that the results
we obtained from a single tower may not be representative of all
ecosystems. However, we selected this tower based on its com-
prehensive and high-frequency measurements of land–atmosphere
interactions, which were suitable for testing the effectiveness of our
proposed approach. We also acknowledge that it is essential to inves-
tigate the sensitivity of our method to different locations, which
we plan to address in our future work by comparing our results
from different eddy covariance towers located in various ecosystems.

Given that our analysis focused on fast-time-scale land–atmosphere
interactions, we acknowledge that other characteristic time scales
may also be relevant for other types of turbulent systems, and we
plan to explore other scales and atmospheric conditions in our
future work. We anticipate that the study of the causal structure of
the dynamics of the connectivity of complex systems at high fre-
quency will contribute to the exploration of the dynamics of the
information flow for more processes at the turbulence scale and over
longer time periods to inform Earth system modeling efforts and
prediction.
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NOMENCLATURE

CMI conditional mutual information
CMIknn conditional mutual information based on knn estima-

tion
CO2 carbon dioxide molar concentration (kg/m3)
CST Central Standard Time
DAG directed acyclic graph
DI Dunn Index
EC eddy covariance
H2O water vapor molar concentration (g/m3)
HH:MM:SS hour:minute:second
IT information theory
knn k-nearest-neighbor
MIT momentary information transfer
MIWTR momentary information weighted transitive reduc-

tion
T air temperature (° C)
TE transfer entropy
TR transitive reduction
US United States of America
Uz vertical wind speed (m)
WS horizontal wind speed (m)
WTR weighted transitive reduction
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DATA AVAILABILITY

The directed acyclic graphs for time series are estimated using
the Tigramite software package version 2.0 beta.27–30 The distance-
based classification between DAGs is estimated using ekQ/dag-
comparisons codes https://github.com/ekQ/dag-comparisons.23 The
codes for the evolution of the Causal Structure are avail-
able on GitHub, as well as the data used in this study
https://github.com/HydroComplexity/CausalStructureEvolution.

APPENDIX A: HYDROCLIMATIC VARIABLES

MEASURED AT GOOSE CREEK FLUX TOWER SITE

More than 20 instruments are powered by an off-grid solar
panel system and are located in the subsurface, near-surface, and
at 10 and 25 m above the surface. Table I describes the instru-
ment name, variables measured, and location and height of the
tower for the instruments that measured the high-frequency data
(i.e., 10 Hz or 0.1 s). In this study, the high-frequency data are
standardized by subtracting the mean and dividing by the stan-
dard deviation for each of the 3-min windows. The high-frequency
data are stored at the tower in a data logger and is manually col-
lected every month at the tower since April 2016. The data are
then uploaded to the Clowder web-based data system48 of the Crit-
ical Interface Network for Intensively Managed Landscapes project

FIG. 10. Ratio between the mean and standard deviation for each variable across 66 windows of analysis for (a) August 18 and (b) August 21, 2017.
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FIG. 11. Comparison of variable standard deviation with expected measurement error across 66 windows of analysis for (a) August 18 and (b) August 21, 2017. Each point
represents a single window, the x-coordinate refers to the variable’s mean, and the y-coordinate is the variable’s standard deviation. The measurement error for each variable
is shown as a horizontal line at the level of the measurement error.

(CINet) https://cinet.ncsa.illinois.edu/. For more information about
instrumentation and data at this flux tower, as well as other instru-
mented nearby locations, we refer the reader to Wilson et al.26

APPENDIX B: MEASUREMENT ERROR AND

VARIABILITY IN HIGH-FREQUENCY DATA

Here, we discuss the measurement error for each variable and
the significance of the observed variation in the data. We estimate
the average ratio between the mean and standard deviation for each
variable, for the 66 windows on each day of analysis, August 18
and 21, 2017 [Figs. 10(a) and 10(b), respectively]. This ratio pro-
vides an insight into the variability present in the data. A high ratio
suggests that there is a significant amount of variation, while a low
ratio indicates that the data are more consistent. Additionally, by
comparing the standard deviation to the measurement error for
each variable on August 18 and 21, 2017 [Figs. 11(a) and 11(b),

respectively], we determine if the observed variability is within the
expected range of measurement error or is likely due to other fac-
tors. We find the expected measurement error for each variable
by consulting the documentation of the measurement equipment.
The eddy covariance system consists of a CSAT3 three-dimensional
sonic anemometer,49 an LI-7500 open path infrared gas analyzer
(IRGA),50 and a 083E-L temperature and humidity probe.51 The
measurement error for an LI-7500 open path infrared gas ana-
lyzer (IRGA) is within ± % of the measured value for CO2 and
H2O concentration measurements. For the 083E probe, the tem-
perature accuracy is ±0.1◦C from −50 to 50◦C. For the CSAT3
anemometer, the measurement error for when the wind vector is
within /±5◦ of horizontal is less than ±2% of the measurements.
From this analysis, we observe in Fig. 11 that the standard deviation
lies outside the measurement error for all variables, suggesting that
the variation observed is not just due to measurement error and is
significant.
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APPENDIX C: AN ILLUSTRATIVE EXAMPLE OF USING

THE K (Gl ,Gm ) METRIC

Here, we provide a detailed description of the cases of penal-
ization and an example for the estimation of the distance metric,
K (Gl, Gm), used to compare pairs of DAGs proposed by Malmi
et al.23 [Eq. (3)]. The distance metric considers four cases of penal-
ization:

1. (e ∈ El and e ∈ Em) or
(
f ∈ El and f ∈ Em), meaning that if both

DAGs, Gl and Gm, agree on e, then the distance between the
DAGs is zero: Kij (Gl, Gm) = 0.

2. (e ∈ El and f ∈ Em

)
or (e ∈ Em and f ∈ El

)
, that is if the DAGs

Gl and Gm completely disagree on e, then the distance is equal to
1, Kij (Gl, Gm) = 1. This case cannot occur for DAGs from time
series, as shown with an illustrative example in Appendix C.

3. (e or f ∈ El and e, f /∈ Em

)
or (e or f ∈ Em and e, f /∈ El

)
, that is

an edge between i and j exists in one graph but not in the other.
In this case, we set Kij (Gl, Gm) = p

4. e, f /∈ El and e, f /∈ Em, that is, there is no edge between i and
j in either of the graphs. We set Kij (Gl, Gm) = q. Therefore,
K(G, G) = 0, however, this property does not hold for q > 0 as
penalty q is induced by edges that are missing from both input
graphs. The motivation for setting q > 0 is that otherwise, two
empty DAGs are as similar as two identical complete DAGs even
though one might argue that the latter two have much more in
common than the empty DAGs.

To illustrate the distance metric, we consider a pair of toy
DAGs, Gl = (V, E1) and Gm = (V, E2) (Fig. 12). As the two DAGs
are not identical and have different sets of edges despite sharing the
same nodes, we expect the distance K obtained using Eq. (3) to be
greater than zero.

To compute the distance between the toy DAGs shown in
Fig. 12, we start counting for the number of concordant edges
between them. One concordant edge, namely, (a) and (b), connects
the same nodes in both DAGs, then K = 0. Next, there is one dis-
cordant pair, (c) and (d) in Gl and (d) and (c) in Gm as defined
by Malmi et al.,23 which cannot exist in the DAGs for time series of
instantaneous data given that only the past can have a causal influ-
ence on the future. One pair that is not in the other graph, namely,
(a) and (d), results in K = 1, only if p in Eq. (3) is p = 1. Now, we look
for feasible edges that are missed in both graphs. Given that only
non-contemporaneous edges that represent lagged in time influence
can be missed, there is only one edge missed in both graphs which is
(c) and (b). The rest of the missed edges are contemporaneous edges

FIG. 12. A pair of toy DAGs related to the example in Appendix C, based on
Example 1 in Malmi et al.23 when implemented for DAGs for time series.

FIG. 13. Testing the distance measure for pairs of (a) identical toy DAGs,
K (G,G), while simultaneously removing the same edges in both DAGs, and
(b) a fully connected DAG and a DAG which edges are removed increasingly,
K (Hfull ,G). We tested four different combinations of p and q values.

and we do not account for them in DAGs from time series. There-
fore, if q = 1 in Eq. (3), then K = 1. The final distance between the
pair of toy DAGs is the sum of all previous distances, resulting in
K = 2. Notice that to avoid the risk of accounting for the nonexis-
tence of contemporaneous links in both DAGs, a more conservative
view is to set q = 0. In that case, the difference between the two
DAGs is K = 1.

APPENDIX D: TESTING THE PERFORMANCE OF THE

K (Gl ,Gm ) METRIC

To test the performance of the K (Gl, Gm) metric, we evaluated
two scenarios. First, we estimated the distance between identical toy

FIG. 14. Fully connected DAG from turbulent time-series, for 5 variables (y axis)
and 11 time steps.
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DAGs, K (G, G), for different values of p and q [Fig. 13(a)]. In this
case, p can take any value without changing the distance, since the
same link is removed from both DAGs. On the other hand, q adds to
the distance for each link that is removed in both DAGs. In the sec-
ond scenario, we calculated the distance between a fully connected
DAG, Gfull, and a DAG while its edges have been removed increas-
ingly, for different values of p and q [Fig. 13(b)]. p accounts for the
difference in edges between the fully connected DAG and the par-
tially connected DAG, increasing the distance as a linear function
of the number of different edges between the DAGs. On the other
hand, q is not relevant since the same edge is not being removed
from the DAGs simultaneously.

APPENDIX E: ESTIMATING Gfull WITHOUT

CONTEMPORANEOUS LINKS

An important characteristic of the DAGs from time series is
that they do not have any contemporaneous links. The reason is that
a variable at the current time can only be influenced by the past,
whether by itself at a lagged time, by the previous state of another
variable, or by its whole causal history. Therefore, when estimating
a DAG from a set of turbulent time series, an edge runs from the
vertex i to j, only if i < j in time. Then, the maximum number of
edges in a fully connected DAG with no contemporaneous links [i.e.,
eGfull

in Eq. (12)], is determined by

eGfull
= n

m(m − 1)

2
+ n(n − 1)

m(m − 1)

2
, (E1)

where n refers to the number of variables in the DAG, while the
number of time step evaluated, including the current time, are
denoted by m. An example of a fully connected DAG for n = 5 and
m = 11, is shown in Fig. 14.

APPENDIX F: CROSS-COVARIANCE OF THE TIME

SERIES IN THE DAGS OF THE CLUSTER’S CENTROIDS

Here, we determine the cross-covariance of the discrete time
series corresponding to the centroids of the clusters shown in Fig. 7.
In addition, we include the cross-covariance plots for the time series
of 2017/08/21 12:19-12:22 CST (Central Standard Time) to deter-
mine the behavior of the self-dependence of CO2, which is not
observed in the causal analysis. The cross-covariance measures the
similarity between a time series and a shifted (lagged) time series as
a function of the lag. For any two variables X and Y, if the cross-
covariance is positive, then larger values of X are associated with
larger values of Y and smaller values of X are associated with smaller
values of Y. If the covariance is negative, the opposite holds: small
values of X are associated with larger values of Y and vice versa. We
use the cross-covariance here to determine the time lags for which
a pair of time series have any type of association, causal or not, as
a function of time lag, τ . We use the generated plots to comple-
ment our causal analysis when using DAGs for causal inference in
Sec. III B.

We estimate the cross-covariance up to a time lag τ = 200,
which corresponds to 20-s for time series of 10 Hz (Figs. 15–21,

FIG. 15. Cross-covariance for 2017/08/21 13:40–13:43 CST, Cluster #3.
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FIG. 16. Cross-covariance for 2017/08/18 10:46–10:49 CST, Cluster #3.

FIG. 17. Cross-covariance for 2017/08/18 10:49–10:52 CST, Cluster #2.
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FIG. 18. Cross-covariance for 2017/08/21 12:58–13:01 CST, Cluster #2.

FIG. 19. Cross-covariance for 2017/08/21 13:25–13:28 CST, Cluster #1.
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FIG. 20. Cross-covariance for 2017/08/18 12:01–12:04 CST, Cluster #1.

FIG. 21. Cross-covariance for 2017/08/21 12:19–12:22 CST. CO2 shows a strong instantaneous auto-covariance at time zero that slowly dies out as the time lag increases.
This is a unique behavior for CO2 that is not observed for other windows of analysis.
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blue line). We normalize the sequences so that the autocovariance
at zero lag equals 1. To determine the confidence intervals for the
cross-covariance (Figs. 15–21, red lines above and below the zero
line in black), we estimate the lower and upper 95% confidence
bounds for the normal distribution discrete time, whose standard
deviation is 1/

√
L. For a 95%-confidence interval, the critical value

is
√

2 erf−1
(0.95) ≈ 1.96 and the confidence interval is

1 = 0 ±
1.96
√

L
, (F1)

where L is the length of each time series, in our case 1800. In the
following plots, the cross-covariance values outside of the 95%-
confidence interval (Figs. 15–21, red lines above and below the zero
line in black) refer to time series that share a significant cross corre-
lation at different time lags. On the opposite, the time series are not
significantly correlated for the time lags where the cross-covariance
is inside of the 95%-confidence intervals.
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