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Abstract: Understanding and evaluating directed acyclic graphs (DAGs) is crucial for causal discovery,
particularly in high-dimensional and small-sample datasets such as microbial abundance data. This
study introduces DAGMetrics, an R package designed to evaluate and compare DAGs comprehen-
sively. The package provides descriptive and comparative metrics, streamlining the assessment of
outputs from various structure learning algorithms. It was applied to datasets generated for potato
tubers and soils from different terroirs (continental and island) and stages (at harvest and post-harvest).
Using a comprehensive set of descriptive and comparative metrics, DAGMetrics facilitated model
selection by identifying balanced and robust DAGs. PC algorithm with Spearman correlation produced
DAGs with moderate complexity and high stability across scaling and transformation setups. Addi-
tionally, the package enabled detailed exploration of the Markov blanket space, revealing small Markov
blankets (up to 7 nodes) and numerous isolated nodes. Identified matching edges between Markov
blankets across different terroirs and stages aligned with known microbial interactions, highlight the
package’s utility in facilitating the discovery of biologically meaningful relationships. This study
highlights the utility of DAGMetrics in providing objective, reproducible tools for DAG evaluation
and its potential application in agronomic and other domains involving complex, structured data.

Keywords: agronomic data analysis; bayesian networks; causal discovery; directed acyclic graphs;
markov blanket; metagenomics; microbial networks; structure learning

1. Introduction

Over the past several years, causal discovery has gained popularity in various fields, including
economics [1,2], climate science [3], and biology [4-7]. More recently, its application has been extended
to agronomy. For instance, causal discovery has been successfully employed in proteogenomics to
identify cause-and-effect relationships between gene and protein modules [8]. These findings highlight
the potential of causal discovery to enhance molecular data exploration and advance the study of key
biological processes in plants. Another example is the study of interaction networks in olive leaves,
where causal discovery, combining transcriptomic and proteomic data, revealed critical differences
between primed and non-primed tissues [9]. Causal discovery is offering a framework to model causal
relationships among variables. Unlike traditional statistical methods, which identify associations
without specifying the direction of influence, causal models explicitly determine cause-and-effect
relationships.

Directed Acyclic Graphs (DAGs) have become powerful tools for representing causal relationships
among variables. However, effective evaluation and comparison of DAGs remains a significant
challenge across disciplines. As highlighted in [10], it is important to perform DAG evaluation and
comparison in a robust manner, as computationally derived causal relationships require further
validation across different conditions, datasets, and contexts to ensure their persistence and stability.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Similarly, [11] emphasizes the lack of suitable metrics for evaluating DAGs, particularly when the true
structure of relationships is unknown.

In microbial data analysis, which is often characterized by high dimensionality and limited
sample sizes, ensuring the reliability of model evaluation is a critical concern. Structure learning
algorithms can yield significantly different results due to variations in algorithmic approaches and
underlying assumptions. The absence of a ground-truth DAG in most real-world applications further
complicates the evaluation of these algorithms. While existing tools offer extensive functionality
for structure learning, they often lack user-friendly and comprehensive approaches for comparing
DAGs or analyzing their local structures in detail. To address these challenges, a tool is needed to
systematically compare DAGs by assessing their structural complexity and analyzing differences in
local and global structures.

In this paper, we introduce DAGMetrics, an R package designed to facilitate the comprehensive
evaluation and comparison of DAGs. The package provides a suite of descriptive and comparative
metrics to assess both global and local structures. Descriptive metrics, such as the number of edges
and colliders, offer insights into DAG complexity, while comparative metrics evaluate structural
similarity. In addition to numerical outputs, DAGMetrics includes visualization tools that enable users
to intuitively explore structural differences and similarities.

We demonstrate the functionality of DAGMetrics using real-world agronomic datasets. For
example, the package is applied to microbial abundance data collected from potato tubers at harvesting
and post-harvesting stages in both island and continental regions. By comparing DAGs learned from
these datasets, we uncover differences in microbial interactions and potential causal relationships.
The package’s ability to analyze local structures makes it particularly well-suited for agronomic
applications and other fields dealing with high-dimensional datasets.

The rest of this paper is organized as follows: In Section 2, we discuss the materials and methods
used in this work, including the main concepts of causal discovery, the functionality of the DAGMetrics
package, and the preprocessing and statistical analyses applied to the datasets. In Section 3, we present
the results, highlighting insights gained and achievements made using the package. Finally, in Section
4, we conclude by summarizing the contributions of this work, its implications for agronomy, and
future directions.

2. Materials and Methods
2.1. DAGs, Bayesian Networks, CPDAGs, and Markov Blankets

A DAG is a graph where all edges are directed, and there are no cycles. The absence of cycles
ensures that starting from any node and following the direction of the edges, it is impossible to return
to the same node. In the context of causal discovery and inference, DAGs encode causal relationships
between variables [12]. The absence of an edge between two nodes indicates conditional independence
between the corresponding variables, given a specific set of other variables.

DAGs are a powerful framework for representing Bayesian networks, which model the joint
probability distribution of a set of random variables [13]. A Bayesian network is defined by a DAG
G = (V,E), where V is the set of nodes corresponding to random variables, and E is the set of
directed edges that encode conditional dependencies between these variables. If we break down
DAGs by triplets of connected nodes (X1, X, and X3), three main structures can be identified—chains
(X7 — Xp — X3), forks (X7 + Xp — X3), and colliders (X; — X, < X3)—where the first two exhibit
conditional independence between X; and X3 given X5, while in a collider, conditioning on X» induces
dependence between X; and X3.

A Completed Partially Directed Acyclic Graph (CPDAG) represents a Markov equivalence class
of DAGs [4], encoding the same conditional independencies, where directed edges indicate con-
sistent causal relationships across all equivalent DAGs, and undirected edges signify directional
uncertainty—for details, refer to Supplementary Material S1.
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The Markov blanket of a node X; in a DAG is the minimal set of nodes, that renders X; con-
ditionally independent of all other nodes in the graph [2]. In other words, the behavior of a target
node can be fully explained by the nodes in its Markov blanket. The Markov blanket of a node
consists of its parents, its children, and the other parents of its children. In high-dimensional datasets,
such as microbial abundance in potatoes, analyzing the global network may be impractical due to its
complexity. Instead, the focus often shifts to specific nodes of interest and their immediate connections,
as captured by their Markov blankets.

2.2. Structure Learning and Evaluation

The process of inferring a DAG from data is referred to as structure learning. Structure learning
algorithms, including constraint-based methods (e.g., the PC algorithm [12]) and score-based methods
(e.g., Tabu Search [14]), aim to uncover underlying causal relationships by leveraging conditional
independence tests or optimizing scoring functions. These methods provide the foundation for auto-
mated DAG construction and have gained popularity in fields like agronomy, where high-dimensional
datasets require advanced methodological tools.

Evaluating DAGs is an important step to assess their structure in terms of complexity and
similarity. We distinguish between two categories of metrics: descriptive and comparative.

2.2.1. Descriptive Metrics

Descriptive metrics provide information about the structure and complexity of a DAG. Key
metrics include:

¢ Number of Edges: Measures connectivity and complexity of a DAG.

¢ Number of Colliders: Counts the number of colliders. In the case of CPDAGs, only edges
involved in colliders are typically directed, as they represent causal relationships consistent across
all equivalent DAGs. This metric serves as an indicator of the graph’s complexity and the presence
of potential causal relationships inferred by the structure learning algorithm.

¢ Number of Root Nodes: Nodes with no incoming edges.

*  Number of Leaf Nodes: Nodes with no outgoing edges.

¢ Number of Isolated Nodes: Nodes with no connections.

*  Degree Metrics: These metrics relate to a specific node, as compared to the full structure. They
include in-degree, out-degree, and total degree for nodes, highlighting the importance and
connectivity of individual nodes.

2.2.2. Comparative Metrics

Comparative metrics evaluate the similarity between two DAGs. They facilitate the assessment
of multiple DAGs to identify similarity in algorithm’s outputs, detect temporal changes in causal
structures, or evaluate algorithm performance on synthetic data.

Common metrics include:

e  Structural Hamming Distance (SHD) [15]: Quantifies the number of edge modifications (addi-
tions, deletions, reversals) needed to transform one DAG into another. SHD is widely used in
benchmarking studies [16,17] and for evaluation of new algorithms [18-20].

®  Precision, Recall, and F1 Score: Useful for comparisons of DAGs, providing insights into
proportion of correctly identified edges, completeness of identified edges and overall similarity
assessment. These metrics are used by scholars to compare their novel algorithms [21-23].

e  True Positive, False Positive, and False Negative Counts: Identify matches and mismatches in
edges between DAGs in counts [24].

These metrics are often scattered across multiple packages, with descriptive metrics missing in many
of them. As a result, researchers frequently need to switch between packages—or even program-
ming languages—and manually create custom scripts to achieve a comprehensive evaluation. These
fragmented workflows introduce inefficiencies and increase the likelihood of errors.
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These limitations underscore the need for a unified tool that integrates descriptive and compara-
tive metrics into a single framework. By streamlining the evaluation process and providing intuitive
visualization options, such a tool can eliminate inefficiencies, reduce errors, and enable researchers to
focus on extracting meaningful insights rather than dealing with technical challenges.

2.3. DAGMetrics: An R Package for Evaluating and Comparing DAGs

DAGMetrics is an R package designed for the evaluation and comparison of DAGs. It provides a
comprehensive suite of descriptive and comparative metrics, covering all the aforementioned metrics
for both the global network and the Markov blankets of individual nodes. Additionally, the package
includes intuitive visualization features to enhance interpretability and facilitate analysis.

The package offers two primary plotting options:

1.  Single DAG Visualization: Users can visualize either the full network or the Markov blankets of
specified nodes.

2. Side-by-Side Comparison: This feature allows for the direct comparison of two DAGs or the
Markov blankets of specified nodes. In these visualizations, selected nodes and matching edges
between the two DAGs are highlighted in green, making it easier to identify shared structures
and differences.

These visualization tools are particularly valuable for focusing on specific areas of interest.
Researchers can specify a list of nodes, enabling a targeted examination of local structures. This
capability is especially useful in high-dimensional datasets, where analyzing the global network can be
overwhelming. By breaking the network into manageable parts, the package enhances interpretability
and provides deeper insights into complex datasets.

DAGMetrics is available on GitHub at https://github.com/averinpa/DAGMetrics.

2.4. Data Description and Preprocessing

The DAGMetrics package was applied to two metagenomic datasets: soil and potato tuber
microbial diversity from two diverse terroirs, continental (Lakoma, Thessaloniki) and island (Naxos,
Aegean Sea). In particular, the tuber dataset represented microbiome data from potato tubers of
continental and island terroirs at harvest and post-harvest, essentially as previously described [10].
The soil dataset consisted of soil samples originating from the same contrasting terroirs, Naxos and
Lakoma [25]. Raw data were obtained from the National Centre for Biotechnology Information (NCBI)
Sequence Read Archive (SRA) under the BioProject accession numbers PRINA854325 (for the tuber
dataset), and PRJNA970975 (for the soil dataset).

After filtering and preprocessing (more details are available in the Supplementary material), six
datasets were prepared for both island and continental terroirs. These included combinations of the
original, scaled, and transformed versions, ready for further structure learning.

2.5. Model Selection

For the tuber datasets (island and continental terroirs at harvest and post-harvest stages) and the
soil datasets (island and continental terroirs), two constraint-based algorithms and two score-based
algorithms were applied, each with various hyperparameter settings.

For the constraint-based algorithms, we used the PC algorithm [12] from the pcalg package [26]
and the Inter-IAMB [27] algorithm from the bnlearn package [28]. Both algorithms were tested with
three different correlation setups for calculating conditional independence tests: Kendall correlation,
Spearman correlation, and Pearson correlation. The significance level («) for the tests was set to 5%.

For the score-based algorithms, we applied Tabu Search [14] and Hill-Climbing. Prior to ap-
plying these algorithms, the data were discretized, following a common approach adopted by other
researchers [29,30]. Two scoring metrics, BIC and AIC, were evaluated during the analysis.

This process resulted in a total of 240 DAGs for the tuber dataset, and 120 DAGs for the soil
dataset.
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The model configurations were encoded as follows: the first letter denotes the algorithm family:
C for constraint-based and S for score-based methods. The number following the letter identifies
the specific algorithm: C1 corresponds to PC, C2 to Inter-IAMB, S1 to Tabu Search, and S2 to Hill
Climbing. The second digit represents the hyperparameter used: 1 for Kendall, 2 for Spearman, and
3 for Pearson for constraint-based algorithms, and 1 for BIC, 2 for AIC for score-based algorithms.
The third digit specifies the scaling approach: 1 for no scaling, 2 for Z-score normalization, and 3 for
Min-Max scaling. The fourth digit indicates the transformation applied: 1 for no transformation and 2
for rank-based transformation.

The compare_dags function from the DAGMetrics package was used to calculate a comprehensive
set of descriptive and comparative metrics to evaluate the resulting DAGs in terms of complexity and
similarity.

To assess the complexity of the resulting DAGs, we utilized:

*  The normalized number of edges,
e  The normalized number of colliders, and
¢ The normalized number of isolated nodes.

To ensure comparability of DAG across different stages and terroirs, we used normalized descriptive
metrics, where normalization was performed by dividing each metric by the number of nodes in a
structure. These metrics provide a framework for comparing the complexity of DAGs across different
settings.

For similarity evaluation, we employed F1 score, which offers insights into the structural differ-
ences and overlaps between DAGs.

The most appropriate algorithm was chosen by selecting DAGs with moderate complexity and
stability across different scaling and transformation setups.

2.6. Statistical Analysis

The selected DAGs were utilized to explore the Markov blanket structures within each terroir
and stage. This analysis aimed to provide a detailed description of the Markov blanket space and to
identify Markov blankets with matching causal relationships across terroirs (island and continent) and
stages (harvest and post-harvest).

The compare_dags function from the DAGMetrics package was employed to calculate descriptive
metrics for each Markov blanket. These metrics included:

e  The number of edges,

e The number of colliders,

e The number of nodes, and

¢ The number of isolated nodes.

Additionally, matching causal relationships were identified using the true positive count metric, which
quantifies the shared causal connections between Markov blankets.

For an in-depth analysis of specific microbes, the vis_dag_comparison function was used. This
function facilitated visual comparisons of the Markov blankets of microbes of interest by generating
side-by-side network visualizations.

To further enhance the interpretability of the results, network visualizations were created using
Cytoscape software [31]. Cytoscape allowed for the customization of network diagrams.

3. Results

In this section, we present the results demonstrating how the DAGMetrics package facilitated the
selection of the most appropriate model. This methodology may be of interest to researchers applying
causal discovery algorithms to agronomic datasets. Further, the results of detailed analysis of Markov
blankets will be presented. Finally, we outline the estimated Markov blankets with matching edges
and provide a detailed description of the identified and selected Markov blankets.


https://doi.org/10.20944/preprints202503.0943.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 March 2025

3.1. Model Selection

The complexity of the DAGs produced by score-based and constraint-based algorithms varied
significantly. The detailed results are presented in Figure 1 for the tuber dataset. The corresponding
information for the soil dataset is displayed in Supplementary Figure S1.

On average, score-based algorithms generated denser graphs with more edges, while constraint-
based algorithms produced sparser DAGs for both tuber and soil datasets. Additionally, DAGs
generated by constraint-based algorithms had a higher proportion of isolated nodes.
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Figure 1. Normalised number of edges, normalised number of colliders and normalised number of isolated nodes
for island (haverst and post-harvest) and continental (harvest and post-harvest) terroirs accross models in the
tuber dataset. On the x-axis are the models.

Interestingly, the number of colliders showed a mixed pattern: some constraint-based algorithms
produced more colliders than score-based algorithms, while others produced fewer. The complexity of
DAGs learned by both types of algorithms also varied depending on the hyperparameter settings. For
instance, score-based algorithms using the BIC criterion produced less complex structures compared to
those using the AIC criterion. Among constraint-based algorithms, those utilizing Kendall correlation
yielded the least complex graphs. For example, the structure of continental abundance at the post-
harvest stage, learned using the PC algorithm with Kendall correlation, had 75% isolated nodes
(Figure 1). Similarly, for the soil dataset, structures learned with the PC algorithm and Kendall
correlation resulted in 79% and 85% isolated nodes for island and continental terroirs, respectively
(Supplementary Figure S1). Constraint-based algorithms using Spearman and Pearson correlations
exhibited medium complexity compared to score-based algorithms and constraint-based algorithms
using Kendall correlation. In terms of algorithm stability under different scaling and transformation
setups, outputs from the PC and Inter-IAMB algorithms using Spearman and Kendall correlations
demonstrated consistent patterns. This trend is observed across both the tuber and soil datasets.

The similarity between DAGs produced by different structure learning algorithms was measured
using the F1 score for each dataset. Detailed results for the tuber dataset in the island terroir at
the harvest stage are presented in Figure 2, while Supplementary Figures S2 and S3 visualize the
corresponding results for other terroirs and stages of the tuber dataset, as well as the soil dataset. The
results revealed a high level of dissimilarity between the outputs of score-based and constraint-based
algorithms (Figure 2 and Supplementary Figures 52 and S3). Additionally, variations were observed
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among the outputs of constraint-based algorithms (Figure 2 and Supplementary Figures S2 and S3). For
instance, the DAGs learned with the PC algorithm using Pearson correlation differed from those using
Spearman or Kendall correlation, as well as from structures produced by Inter-IAMB configurations
(Figure 2 and Supplementary Figures S2 and S3).

The PC and Inter-IAMB algorithms using Pearson correlation demonstrated consistency across
normalization setups, whereas the same algorithms with Spearman and Kendall correlation exhibited
similarity across scaling and transformation setups. Score-based methods showed moderate similarity
across different algorithms; however, notable differences were observed across transformation setups.

F1 Score Island Harvest (Tuber dataset)

B
B
N

Figure 2. This plot illustrates the similarity between the outputs of different structure learning algorithms, using
the F1 score as a metric. It corresponds to the tuber dataset in island terroir at harvest stage.

3.2. Analysis of Markov Blankets

The structures of Markov blankets in the two datasets exhibited both similarities and differences.
As shown in Figure 3 for the tuber dataset and in Supplemetary Figure 54 for the soil dataset, most
Markov blankets contained no colliders in their structures. However, in the soil dataset, colliders
were rare, with only a few instances where a single collider was present and no instances with more
than one collider. In contrast, the tuber dataset showed a different pattern, with instances of up to
three colliders across terroirs and stages. Notably, in the island terroir, there were even instances with
four and six colliders (Figure 3). In the soil dataset, Markov blankets most frequently had no edges,
followed by those with one edge, with a few instances of two or three edges. There was a significant
gap in the frequency between Markov blankets with no edges and those with one edge (Supplementary
Figure S4). In the tuber dataset, particularly in continental terroir, Markov blankets with no edges
were predominant, but the gap between those with no edges and one edge was smaller compared to
the soil dataset. In the island tuber dataset, Markov blankets with one edge were more frequent than
those with no edges. Markov blankets with two edges were slightly less frequent than those with one
edge, although in continental post-harvest, their frequencies were similar (Figure 3).
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Figure 3. This plot illustrates the distribution of Markov blankets in the tuber dataset, with horizontal panels
representing different terroirs and stages and vertical panels corresponding to different metrics. The frequency of
Markov blankets is displayed on the y-axis, while the x-axis represents the values of each metric. For example, the
top-left panel shows the distribution of the number of colliders across Markov blankets in the continental harvest
DAG. It indicates that over 100 Markov blankets had no colliders, more than 50 Markov blankets contained one
collider, and a few Markov blankets had two colliders in their structure.

Regarding isolated nodes, the soil dataset across terroirs had more isolated nodes than Markov
blankets without isolated nodes (Supplementary Figure S4). In contrast, the tuber dataset contained
fewer isolated nodes compared to Markov blankets without isolated nodes (Figure 3). One-node
Markov blankets were the most frequent structures in the soil dataset and in the continental terroir
of the tuber dataset. However, the gap between the frequency of one-node and two-node structures
was greater in the soil dataset. In the tuber dataset, structures with up to seven nodes were observed,
whereas in the soil dataset, structures were limited to a maximum of four nodes. Three-node structures
were rare in the soil dataset but were as frequent as two-node structures in the tuber dataset (Figure 3
and Supplementary Figure S4).

Interestingly, a relationship exists between the number of edges, the number of isolated nodes,
and the number of nodes in the structure. Markov blankets with no edges always have one isolated
node, and the number of nodes in their local structure is zero.

3.3. Discovered Local Structures

The DAGMetrics package facilitated the identification of local structures with matching edges.
Figure 4 illustrates these local structures, highlighting matching edges for both island and continental
terroirs across the harvest and post-harvest stages.

In the island terroir, matching edges were observed between the harvest (Figure 4(a)) and post-
harvest stages (Figure 4(b)). Specifically:

e A directed edge from Methylotenera mobilis to Methylotenera versatilis.
e A directed edge from Gemmata massiliana to Telmatocola shagniphila.
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In addition, two matching undirected relationships were identified between the harvest (Fig-
ure 4(a)) and post-harvest stages (Figure 4(b)):

*  Devosia psychrophila had an undirected relationship with Devosia submarina.
*  Rhodoferax saidenbachensis had an undirected relationship with Terrimonas pekingensis.

A undirected relationship was also found between Loriellopsis cavernicola and Microcoleus anatoxicus
during the harvest stage, spanning both island and continental terroirs (Figures 4(a), 4(c)).

Rhizobium

loguminosarum bu.
viciae USDA 2370

Celbibio fuvuis

" Stols humosa

Devosia submari
Tor
peki

Devosiapsychrophia Lieribacter croscens
° Telmatocola
sphogniptia
Magnetovbri
Rrodoforax bakomors!
saidenbachensis O\O
rgensis

Bartonella rochalimas

(a) Island Harvest (b) Island Post-Harvest

Rhodoligotrophos
jinshengi

Methylovorus
glucosotrophus

Shinella zoogloeoides
Tepidamorphus.
gemmatus
Brucella endophytica
Lentilitoribacter

aaaaaa

Oleomonas
sagarar

Methylobacillus donghaensis nensis
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desertorum 5 Liberibacter crescens
Sphingomonas Trichocoleus

- '/. ,m ) r
Loriellopsis
P Rhodoligotrophos

Microcoleus cavemicola appendicier

anatoxicus Bartonella rochalimae

Cylindrospermum
stagnale

(c) Continent Harvest (d) Continent Post-Harvest

Figure 4. The figure illustrates matching edges between DAGs across different terroirs and stages. (a) Nodes in
island harvest are shown in blue. (b) Nodes in island post-harvest are in green. (c) Nodes in continental harvest
are in gray. (d) Nodes in continental post-harvest are in purple. The edges in each panel are color-coded to
indicate whether they match across different terroirs or stages. Black edges signify no match with any edge in
another terroir or stage. Blue edges indicate a match with the island harvest DAG, green edges correspond to
matches with the island post-harvest DAG, gray edges represent matches with the continental harvest DAG,
and purple edges indicate matches with the continental post-harvest DAG. For example, in (b), a purple edge
from Rhodoligotrophos appendicifer to Bartonella rochalimae indicates that a corresponding edge can be found
in a DAG with purple nodes (d). Directed edges represent causal influence, whereas undirected edges denote
uncertainty in the direction of influence.

At the harvest stage in island terroir (Figure 4(a)), there were persistent relationships not only
with the island post-harvest structures (Figure 4(b)) but also with continental structures during both
harvest and post-harvest stages (Figures 4(c) and 4(d)). A notable direct relationship exists from
Trichocoleus caatingensis to Cylindrospermum stagnale (Figures 4(a) and 4(d)).

In the island at post-harvest stage, apart from relationships with structures in the island at harvest
stage, additional persistent relationships were observed with continental structures at both the harvest
and post-harvest stages:

*  An undirected relationship between Shinella zoogloeoides and Sphingomonas zeicaulis was observed
in both the island post-harvest stage and the continent harvest stage (Figures 4(b) and 4(c)).
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e A directed relationship from Rhodoligotrophos appendicifer to Bartonella rochalimae was observed in
both the island at post-harvest and continent at post-harvest stages (Figures 4(b) and 4(d)).

We identified not only local structures with matching edges but also local structures that differ
between stages and terroirs. In Figure 5, the local structures of Rhizobium leguminosarum bv. viciae
USDA 2370 are presented across stages and locations.

In island at the harvest stage, Rhizobium leguminosarum bv. viciae USDA 2370 and Ensifer mexicanus
causally influenced Neorhizobium galegae (Figure 5(a)). In contrast, at the post-harvest stage, Rhizobium
leguminosarum bv. vicine USDA 2370 received a directed edge from Flavobacterium tructae and, together
with Shinella zoogloeoides, causally influenced Brevundimonas alba (Figure 5(b)).

Ensifer mexicanus )
Flavobacterium

Rhizobium fructae

leguminosarum bv. Shinella zoogloeoides
viciae USDA 2370

Rhizobium
leguminosarum bv.
‘ viciae USDA 2370

Neorhizobium

galegae Brevundimonas alba
(a) Island Harvest (b) Island Post-Harvest
Rhizobium
leguminosarum bv. Sphingomonas gei
viciae USDA 2370 Variovorax
paradoxus NBRC
1514
Caulobacter 5149
rhizosphaerae Noviherbaspirillum
aurantiacum
Rhizobium
Caulobacter henricii leguminosarum bv.
viciae USDA 2370
Massilia
namucuonensis
(c) Continent Harvest (d) Continent Post-Harvest

Figure 5. The figure represents Markov blankets of Rhizobium leguminosarum bv. viciae USDA 2370 across different
terroirs and stages in the tuber dataset (a) Nodes in the island at harvest are in blue color. (b) Nodes in the island
at post-harvest are in green color. (c¢) Nodes in the continental terroir at harvest are in grey color. (d) Nodes in the
continental terroir at harvest are in purple color. Edges in the panels have different color. Black color indicates
that it does not match with any edge in different terroir or stage. Directed edges represent causal influence and
undirected edges represent uncertatinty of the direction of influence.

In the continental terroir, Rhizobium leguminosarum bv. viciae USDA 2370 and Caulobacter rhi-
zosphaerae causally influenced Caulobacter henricii. Additionally, they, together with Noviherbaspirillum
aurantiacum, causally influenced Massilia namucuonensis (Figure 5(c)). At the post-harvest stage, Rhi-
zobium leguminosarum bv. vicine USDA 2370 received directed influence from Sphingomonas gei and
Variovorax paradoxus (Figure 5(d)).

We could not identify any matching edges between island and continental terroirs in the soil
dataset. However, there are some relationships that differ between the island and continental terroirs.
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For example, in the island structure, Nitrospira japonica had an undirected edge with Nitrobacter
winogradskyi, whereas in continental, Nitrospira japonica, together with Limisphaera ngamtamarikiensis,
causally influenced Syntrophotalea carbinolica DSM (Supplementary Figure S5).

The number of reads for species in tubers from the island terroir and the continental terroir at
harvest and post-harvest, as well as the number of reads for species in soil that were discussed or
presented in figures, are provided in Supplementary Table S3.

4. Discussion

In this paper, we introduced the R package DAGMetrics, designed for evaluating and comparing
DAGs. It provides an intuitive and easy-to-use framework for researchers seeking detailed insights
into the structure of causal networks. The package’s visualization tools facilitated the exploration of
DAGs, enabling to highlight key structural differences efficiently. Additionally, the ability to compare
local structures allows to detect differences and similarities across different locations, time points
and stages of a system. Another significant advantage of DAGMetrics is its ability to visualize
not only the Markov blanket of a selected node but also to drill down further to display Markov
blankets of multiple nodes. This feature enabled us to explore and compare multiple local structures
simultaneously, allowing to focus on relationships of interest without displaying the full structure,
which can be overwhelming, especially in high-dimensional datasets where the full structure may
consist of hundreds of nodes. By providing this functionality, DAGMetrics makes it easier to analyze
causal structures.

The package was then applied to two distinct metagenomic datasets, generated for the potato
tuber and soil microbiome. DAGMetrics streamlined the comprehensive evaluation of outputs from
various structure learning algorithms, aiding in the identification of the most appropriate DAGs for
the downstream analysis. Additionally, it facilitated the description of the Markov blanket space of
DAGs across different terroirs and stages. Finally, it enabled the identification of matching nodes and
dissimilar Markov blankets in structures derived from different terroirs and stages.

From a model selection perspective, the comprehensive set of descriptive and comparative metrics
provided by DAGMetrics allowed us to reflect on the desired characteristics of the selected DAG. The
absence of a ground-truth DAG and the consequent inability to assess the accuracy of the learned
structures remain a challenge. However, a detailed evaluation of the complexity, stability, and similarity
of outputs of different structure learning algorithms with different scaling and transformation setups
offered indirect indications of the robustness of the learned structures. Our analysis of two different
datasets revealed consistent patterns in the behavior of structure learning algorithms. The PC algorithm
with Spearman correlation produced balanced DAGs with moderate complexity and structural stability
across various scaling and transformation techniques.

The description of the Markov blanket space provided insights into agronomic microbial abun-
dance datasets. Despite challenges such as small sample sizes and high dimensionality, the datasets
shared structural characteristics. These included many isolated nodes, moderately small Markov
blankets (up to 7 nodes), and the existence of isolated substructures within the global structure.

The use of DAGs, as facilitated by the DAGMetrics package, has provided profound insights
into the microbial dynamics within potato tubers at two physiological stages (at harvest and at post-
harvest) from two diverse terroirs (island and continental). In particular, our results on the directed
relationships between species such as Methylotenera mobilis and Methylotenera versatilis may suggest
potential metabolic, genetic or ecological dependencies that are crucial for microbial stability and
function. Both species belong to the family of Methylophilaceae, with the former being involved in the
denitrification pathway, a capability that is integral to its role in nitrogen cycling, and the latter in
methane metabolism, which is critical in the global carbon cycle and methane biotransformation [32,33].
Furthermore, these species can be found in similar environments, probably sharing some ecological
niches, suggesting similarities in their metabolic capabilities and environmental adaptations which
allows them to thrive in similar methylamine-rich environments [34]. Therefore, these interactions or
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associations make Methylotenera mobilis and Methylotenera versatilis critical, especially in environments
where nutrient uptake and carbon cycling need to be stimulated [35]. Moreover, the persistent
relationships across different stages and regions, such as those between Devosia psychrophila and
Devosia submarina, highlight the robustness of microbial associations that potentially underpin critical
processes such as decomposition and nutrient cycling, supporting the contribution of intricate microbial
associations to the multifunctionality of agricultural ecosystems [36]. Although both species belong to
the same genus, Devosia, they can be found in distinct environmental habitats, with Devosia psychrophile
being adapted to cold environments, and Devosia submarina to marine ecosystems (deep sea sediments).
In our study, these species were more abundant at the island terroir, suggesting sophisticated genetic
and metabolic adaptations that enable them to thrive in their habitat. By further exploring the matching
edges for both island and continental terroirs obtained from the DAGMetrics package, the complex and
dynamic nature of microbial communities of potato tubers can be further unraveled, providing insights
into the potential of regulating ecosystem functions by manipulating healthy microbial interactions.

These findings highlight the ability of DAGMetrics to reveal meaningful structural relationships
within complex microbial datasets, demonstrating its potential as a valuable tool for causal discovery
in agronomic research and beyond. By providing a broad range of descriptive and comparative
metrics along with intuitive visualization capabilities, DAGMetrics enables a systematic evaluation
of both global and local structures. The package facilitates the identification of structural similarities
and differences across different conditions. Moreover, its ability to compare DAGs across multiple
datasets, track structural changes, and highlight matching connections makes it a powerful resource
for researchers.

Supplementary Materials: The following supporting information can be downloaded at the website of this paper
posted on Preprints.org.
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