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Abstract

Background: Learning the causal structure helps identify risk factors, disease mechanisms, and candidate therapeutics for complex
diseases. However, although complex biological systems are characterized by nonlinear associations, existing bioinformatic methods
of causal inference cannot identify the nonlinear relationships and estimate their effect size.

Results: To overcome these limitations, we developed the first computational method that explicitly learns nonlinear causal relations
and estimates the effect size using a deep neural network approach coupled with the knockoff framework, named causal directed
acyclic graphs using deep learning variable selection (DAG-deepVASE). Using simulation data of diverse scenarios and identifying
known and novel causal relations in molecular and clinical data of various diseases, we demonstrated that DAG-deepVASE consis-
tently outperforms existing methods in identifying true and known causal relations. In the analyses, we also illustrate how identifying
nonlinear causal relations and estimating their effect size help understand the complex disease pathobiology, which is not possible
using other methods.

Conclusions: With these advantages, the application of DAG-deepVASE can help identify driver genes and therapeutic agents in

biomedical studies and clinical trials.
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Background

Since molecular and clinical variables interact for the develop-
ment of complex diseases such as cancer, asthma, and sepsis [1-
3], learning the causal structure among the variables helps iden-
tify risk factors, disease mechanisms, and candidate therapeutics
for the complex diseases for future evaluation. For example, if an
abnormal expression of a certain gene modifies the expression
level of other genes and contributes to the development of a dis-
ease, then controlling this gene can lead to the effective treatment
of the disease.

Apopular statistical model for causal inference is the causal di-
rected acyclic graph (DAG), which learns conditional dependence
among variables [4-10] because the conditional dependence can
further imply the causal relationships under 3 causal assump-
tions: Markov, faithfulness, and sufficiency. The causal Markov
condition states that causal relationships among the set of vari-
ables in their probability distributions (e.g., Bayesian network) are
conditionally independent of their nondescendants given their
parents [11]. The causal faithfulness condition states that all in-

dependence relations in the data are consequences of the causal
Markov condition. The causal sufficiency condition states that in-
put data measured all the common causes of the measured vari-
ables, and thus no latent (unobserved) confounder exists. Since
the assumptions are not usually met in data, statistical causal
inference is limited to identifying causal relationships that are
Markov equivalent, which hold the same adjacencies and im-
ply the same independence and conditional independence re-
lationships on the same variables (v-structure). Under the as-
sumptions, bioinformatic methods have incorporated 2 main ap-
proaches to building DAGs: constraint based or score based [12-
19]. Constraint-based algorithms learn constraints that restrict
the set of possible causal graphs by testing conditional indepen-
dence in the input data. Peter and Clark (PC) [12], one of the
most popular algorithms under this category [20-25], uses a com-
bination of conditional independence tests and graph-pruning
techniques first to determine a skeleton of the DAG and then
to determine the causal directions in the skeleton network. On
the other hand, score-based algorithms generally formulate the
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causal learning problem as a search problem to optimize a cer-
tain score function with respect to an unknown DAG and the in-
putdata. For example, the degenerate Gaussian score (DG) was re-
cently proposed [26] by extending the widely used Bayesian Infor-
mation Criteria (BIC) score [13, 27] for mixed types of data. Specif-
ically, by embedding discrete variables into a continuous space
using one-hot vector representations, DG demonstrates a near-
perfect performance under certain simulation scenarios of high-
dimensional data.

Previously, causal inference methods have been successfully
used to provide insights into molecular mechanisms and pre-
dict treatment effects. First, to provide insights into molecu-
lar mechanisms (e.g., transcriptional regulatory relationship be-
tween genes), methods have been developed to integrate multi-
ple types of data where the direction of effect is known from one
type to another (e.g., from DNA variants to gene expression). De-
velopments in this approach utilized both score-based [28, 29]
and constraint-based [30-33] algorithms. For example, a PC al-
gorithm with the principle of Mendelian Randomization (MRPC)
uses PC to examine a set of causal relationships between DNA
variants and gene expression information implied by the prin-
ciple of Mendelian randomization. Second, to predict treatment
effects, causal inference was done using multiple intervention
trial or experiment data (e.g., RNA interference-based gene knock-
out experiments). For example, conservative local causal discov-
ery tests conditional (in)dependence among multiple entities (e.g.,
proteins) across experiments [34] and BACKSHIFT evaluates par-
ticular causal scenarios shared across experiments using a lin-
ear causal model [35]. Treatment effect can also be predicted
based on the relationship of the input samples with other sam-
ples for which treatment effects are known. To this end, the causal
k-nearest neighbor algorithm estimates the effect based on the
nearest neighbors with known treatment effects. Similarly, causal
random forest attempts to identify neighbors after recursively
partitioning the covariate space through creating a set of deci-
sion trees. While they successfully identified biologically mean-
ingful or clinically reasonable causal relations in various valida-
tion experiments, they are not necessarily relying on artificial in-
telligence (AI) methods and tend to test independence for a lim-
ited number of entities or based on naive assumptions on the re-
lationships among data points.

Recently, methods have employed Al methods to address the
limitations of previous causal inference methods. For example, a
recent development, causal mixed graphical model (causalMGM)
[36], first identifies associations between different types of data
using a mixed graphical model (MGM) and then infers causality of
the associations through PC. This 2-stage approach showed good
scalability and accuracy for high-dimensional simulated and bio-
logical data of mixed types [36]. Also, to identify an optimal DAG
based on an optimality score, a challenge can be the intractable
search space that increases with a complexity super exponential
to the number of the input variables. Thus, a group of methods has
been developed to efficiently navigate the search space. Previously,
this problem was addressed with additional structure assump-
tions, for example, in terms of tree width [37], number of variables
[38], ancestral constraints [39], or a set of prior knowledge [40].
While they were designed to shrink the intractable search space
with the assumptions, methods can also be developed to expand
the search space and efficiently navigate it. In that regard, a recent
breakthrough formulates the problem as a continuous optimiza-
tion with a structural constraint that ensures acyclicity [41] and
spurs further development of deep neural network (DNN) mod-
els. For example, Yu et al.[42] proposed a deep generative model

and applied a variant of the structural constraint to learn the
DAG (DAG-GNN), and Zheng et al. [43] generalized this framework
so various approximations can be used for search (NOTEARS),
including neural networks. Despite all substantial progresses in
those approaches, we found several challenges to identify causal-
ity for complex diseases. First, a method should identify both lin-
ear and nonlinear associations. While linear associations may ex-
ist, complex biological systems are characterized by nonlinear as-
sociations [44, 45]. For example, the effects of hormone receptor
status on breast cancer biology are often nonlinear due to their
complex interactions with other molecular complexes in multi-
ple regulation processes [46-48]. Some of the nonlinear associ-
ations may be revealed in the existing DNN methods. However,
the methods utilize the DNN component to effectively navigate
the search space over various DAGs while optimizing an optimal-
ity score across all the relationships in a DAG as has been done
previously. Generally, the optimality scores are based on a likeli-
hood model with product terms to represent the variable relation-
ships. For example, as the optimality score, both DAG-GNN and
NOTEARS can use the BIC score that selects the product terms
to determine significant variable relationships. A product term of
2 variables assumes that the relationship between the variables
is additive and proportional, meaning that the effect of one vari-
able on the other is assumed to be constant across all levels of the
other variable. Since the constant effect is satisfied only in linear
relationships, the methods based on such optimality scores are
designed to consider only linear relationships. In other words, as a
DNN component is to address nonlinearity, existing methods use
the DNN component to address nonlinearity in how various DAGs
are searched through, not to address nonlinearity in each relation-
ship. In this sense, they do not explicitly identify each causal re-
lationship as nonlinear. Second, a method should estimate the ef-
fect size of each association. This is critical to facilitating a trans-
latable understanding of the causal relationships since it is im-
portant to select a limited number of the most significant causal
relationships for downstream experiments or clinical trials due
to both technical and practical limitations. However, currently, no
method can not only identify the nonlinear relationships but also
estimate their effect size.

To address these limitations and enable a more realistic and
translatable causal structure learning for complex diseases, we
developed the first computational method that explicitly learns
nonlinear causal relationships as well as linear causal relation-
ships, named causal directed acyclic graphs using deep learning
variable selection (DAG-deepVASE). To identify nonlinear causal
relationships in high-dimensional data, DAG-deepVASE incorpo-
rated a 2-step approach: (i) identify associations and estimate
their effect sizes and (ii) infer the causality among the associa-
tions. In the first step, to identify each causal relationship as non-
linear, DAG-deepVASE puts a DNN model between each potential
causal relationship. However, a regular DNN model cannot esti-
mate the effect size between an input variable and the response
variable since it would be difficult to summarize the edge weights
between neurons across multiple layers between the variables. To
address this difficulty, DAG-deepVASE incorporated the knockoff
framework into the DNN model to estimate the effect size. Previ-
ously, this architecture was used to control the false-positive rate
in the context of variable selection [49]. In this work, we extend
this architecture to measure the effect size in the context of causal
inference for the first time. Further, to learn the causal direction
for theidentified nonlinear associations, DAG-deepVASE extends a
score-based approach, DG. While it was not known which causal
inference approach would learn the causal direction of nonlin-



ear associations, we conducted extensive studies to find that its
asymptotic properties make the inference tractable and flexible
enough to learn nonlinear causalities.

DAG-deepVASE consistently outperforms other methods in
identifying true causal relations in simulation data of diverse sce-
narios and identifying known and novel causal relations in molec-
ular and clinical data of various diseases (pediatric sepsis, gut
bacteria/nutrient intake and body mass index [BMI], and breast
cancer), facilitating a systematic understanding of the complex
disease pathobiology. In the analyses, we also illustrate how iden-
tifying nonlinear causal relations and estimating their effect size
help understand the complex disease pathobiology, which is not
possible using other methods.

Findings
DAG-deepVASE

We provide here a brief overview of DAG-deepVASE that aims to
identify linearly and nonlinearly associated variables while esti-
mating their effect sizes (Fig. 1B, C, respectively) and learn their
causal directions (Fig. 1D) to produce a DAG from data matrix X
consisting of M input variables (Fig. 1A). In the first step, to iden-
tify linearly associated variables, DAG-deepVASE develops a pe-
nalized regression function with the interaction terms connect-
ing the variables and maximizes the likelihood score with spar-
sity penalties (Methods, Fig. 1B). While the linear associations
have been the main focus of previous causal inference methods
[5], DAG-deepVASE further identifies nonlinearly associated vari-
ables by developing a set of DNN models, each with one of the
input variables as the outcome and all the others as the depen-
dent variables of the model (Fig. 1B). Note that this approach is
different from most existing DNN-based causal inference meth-
ods in that DAG-deepVASE models nonlinearity in individual vari-
able relationships while other methods model nonlinearity in the
way variable relationships are combined with respect to the in-
put data. Further, we set out to estimate the effect size on the
individual variable relationships in our DNN model. Although es-
timating the effect size is important to design further clinical tri-
als and/or experimental validations with strong drivers, it is not
straightforward to summarize the edge weights across multiple
layers for effect size estimation in a regular DNN approach. DAG-
deepVASE successfully estimates the effect size of the nonlin-
ear associations by embedding the knockoff variables in the DNN
model (Fig. 1B). Knockoff variables are a synthetic and noisy copy
of the input variables, which resemble the correlation structure
of the input variables but are conditionally independent of the
outcome, given the input variables. This property of knockoff vari-
ables allows us to estimate how important the original association
is in reference to the knockoff variables, leading to the effect size
estimation.

In the second step, after identifying both linear and nonlin-
ear associations, DAG-deepVASE determines their causal direction
using a single metric to ensure causal inference consistency be-
tween linear and nonlinear causalities. Since this is one of the
first methods that identify nonlinear causal directions, it is un-
known whether PC or DG would work better to identify nonlinear
causal directions. Among various measures, we chose to use DG
because it is accurate, decomposable, and flexible. While its accu-
racy, which was demonstrated in simulations [26], is clearly ben-
eficial to learning accurate causal directions, we separately con-
ducted an extensive study to find that its decomposability and
flexibility were critical to identifying nonlinear causal directions.
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Figure 1: Overview of DAG-deepVASE. (A) An input data matrix
consisting of M variables (Vq, V», ..., Vi), either continuous or ordinal
categorical, collected from N samples. (B) Left: An example of the
identified linear associations using a statistical graphical model (MGM).
Right: Identifying nonlinear associations using a deep neural network
(deep learning) model. After the first run sets V7 as response and
identifies its association with other variables, DAG-deepVASE will run
this model with each of the other variables (V5, V3, ..., Vy;) as response
and with all the other variables as input. (C) Left: Estimating the effect
size of linear associations in the statistical graphical model. Right:
Estimating the effect size of nonlinear associations in reference to the
knockoff filter implemented in the deep learning model. (D) Learning
the causalities by running the DG separately on the identified
associations, either linear or nonlinear.

DG decomposes the task of identifying the optimal causal struc-
ture into determining the causal direction of each association.
Whereas PC determines the optimal causal structure by consid-
ering all associations simultaneously, decomposability allows us
to determine the causal direction of each nonlinear association
without referring to other associations, making each causal in-
ference tractable. DG also shows flexibility in learning the causal
structure generated outside of its model class (conditional Gaus-
sian model). This flexibility allows us to extend DG to learn non-
linear causal directions. In simulation data of diverse scenarios
and biological data of various contexts, we demonstrate that DAG-
deepVASE can learn causal relations up to the Markov equivalence
classes of the true causal relationship.

DAG-deepVASE improves power in identifying
nonlinear causal relations in simulation data

To evaluate the performance of DAG-deepVASE in the pres-
ence of multiple causal variables, we compared DAG-deepVASE
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Table 1: Parameter settings for the deep learning component of
DAG-deepVASE

Parameter Value
DNN Activation function Rectified linear unit (ReLU)
Initial weight values Glorot normal intializer
Regularization L1-regularization
Optimization Adam optimization
Loss function Mean squared error (MSE)
FDR FDR control rate 0.05

with competing methods on simulation data. Such methods in-
clude causalMGM, DG, NOTEARS, and DAG-GNN. We included
causalMGM and DG because they employ the same 2-step
strategy as DAG-deepVASE: identifying variable associations and
then learning the causal direction of the associations. While
causalMGM was originally developed with the 2-step strategy, DG
does not have the first step because DG is developed to learn
causality based on given associations. To be fair to DG, we devel-
oped the first step for DG: in the first step, we applied MGM to
identify associations, and in the second step, we used the original
DG to learn their causalities. We will refer to this model as the lin-
ear DG model since the MGM implementation identifies variable
associations based on the linear interaction terms. Also, note that
whereas DAG-deepVASE identifies both linear and nonlinear as-
sociations and uses DG to learn their causal directions, linear DG
identifies linear associations and uses DG to learn their causal di-
rections, and causalMGM identifies only linear associations and
applies PC to learn their causal directions. We included NOTEARS
and DAG-GNN because they are established DNN methods to infer
causality. We ran the methods using default parameters or those
suggested by the authors throughout this article (Table 1).

To compare the methods in sensitivity and specificity simulta-
neously, we simulated 10 datasets of 40 or 100 variables where half
(20 or 50, respectively) of the variables collectively determine the
outcome (true associations) and the other half are not associated
with the outcome (false associations; see Methods). Each dataset
was simulated for 10,000 samples. To mimic biological variables
that would interact in various degrees of nonlinearity, simulations
were conducted under 2 scenarios: complete-nonlinear or partial-
nonlinear scenarios. We ran DAG-deepVASE and causalMGM on
the datasets. We did not run linear DG since it identifies the same
association pairs as causalMGM. We did not run NOTEARS and
DAG-GNN for this experiment since it is not straightforward to
vary threshold values for plotting the receiver operating char-
acteristic curve in the DNN architecture. In both complete- and
partial-nonlinear scenarios, DAG-deepVASE consistently outper-
formed causalMGM in AUC area under the receiver operating
characteristic curve (AUC). Specifically, for the simulations with
40 and 100 associations under the complete-nonlinear scenario,
DAG-deepVASE achieves an average of 0.84 and 0.82 AUC, respec-
tively, outperforming causalMGM, which achieves an average of
0.71 and 0.68 AUC (Fig. 2A and Fig. 2B, respectively). The same
trend is observed under the partial-nonlinear scenario where
DAG-deepVASE achieves an average of 0.84 and 0.83 AUC and
causalMGM achieves an average of 0.73 and 0.71 AUC for the sim-
ulations with 40 and 100 associations (Supplementary Fig. S2A
and Supplementary Fig. S2B, respectively).

To further mimic biological situations where true associations
would be relatively rare among all pairwise combinations of bi-
ological variables, we simulated different numbers of variables
(M = 50, 100, 200, 400, 600, 800, 1,000, 1,500, 2,000, 2,500, and

3,000) with various sample sizes (n = 200, 600, 1,000), where 10
variables collectively determine the outcome (true associations).
For each combination of variable number and sample size, we
conducted the simulation experiment 50 times. In the complete-
nonlinear simulation scenario, we first compared the number
of true associations identified by each method before assess-
ing the causal directions. DAG-deepVASE shows a 2-fold higher
power than the other methods by identifying more than 90% of
the true associations in most simulation scenarios (Fig. 2C). In-
terestingly, while DAG-GNN performs slightly better than linear
approaches, causalMGM and linear DG, in terms of power and
sensitivity, NOTEARS performs the worst in all scenarios in gen-
eral. Second, we compared the number of true and false causal
directions learned from the identified associations (Fig. 2D, re-
spectively, Supplementary Table S1). In all experiments under the
complete-nonlinear scenario, DAG-deepVASE consistently outper-
forms the other methods in identifying true causalities. Espe-
cially for larger sample sizes (n = 600 and 1,000), DAG-deepVASE
identified more than 97% of the true causalities. causalMGM re-
turned bidirectional causal directions for all identified associa-
tions, which are counted as both true and false positives. On the
other hand, although linear DG identified less than half of the
true associations as mentioned above, it learned the true causal-
ities on the small number of the identified associations (Fig. 2D),
demonstrating that DG can be used to learn nonlinear causal-
ities. Further, the other DNN methods also identified less than
50% of the true causalities than DAG-deepVASE. Together with
such high true-positive rates, DAG-deepVASE also outperforms
the other methods by not identifying any false casualties in any
of the scenarios, whereas competing methods suffer from high
false causalities. For example, causalMGM returns 3 to 5 false-
positive causalities by returning bidirectional causalities (Fig. 2E,
Supplementary Fig. S1D), and both DNN methods, NOTEARS and
DAG-GNN, suffer from the highest number of false causalities. In
the partial-nonlinear scenario, a very similar result is returned for
power (Supplementary Fig. S1C), true-positive causalities (Supple-
mentary Fig. S1D), and false-positive causalities (Supplementary
Fig. S1E).

Altogether, DAG-deepVASE outperforms the other methods by
identifying the highest number of true nonlinear associations and
by learning the highest number of true causalities across vari-
ous simulation scenarios without false positives, while competing
methods could identify less than half of true nonlinear causalities
with several false positives.

DAG-deepVASE identifies both linear and
nonlinear associations among clinical features
with high sensitivity in pediatric sepsis data

To demonstrate the importance of identifying nonlinear variable
associations for sensitive causal inference, we first focus on iden-
tifying associations among diverse types of variables in clinical
data. The data consist of clinical and biomarker variables (labora-
tory parameters, cytokines, and chemokine measurements) from
404 children with severe sepsis [50]. We compared DAG-deepVASE
and causalMGM in this section. We excluded linear DG because
they identify the same set of associations with causalMGM. We
excluded NOTEAR and DAG-GNN from further analyses since
they identified high rates of false-positive causalities in simula-
tion studies. Since DAG-deepVASE assumes that the variables fol-
low the Gaussian distribution, we consider 45 continuous or ordi-
nal categorical variables excluding 1 binary/nominal variable in
the dataset. Among the variables, DAG-deepVASE identifies 118
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Figure 2: Performance assessment of causal inference methods on the simulated data AUC estimated for DAG-deepVASE and causalMGM on (A) 20
true and false associations and (B) 40 true and false associations, both under the complete-nonlinear scenarios. (C) Average number and standard
error (error bar) of true associations in the complete-nonlinear scenario identified by DAG-deepVASE (red), causalMGM (gray), linear DG (yellow),
NOTEAR (blue), and DAG-GNN (green) over 50 runs in various simulation scenarios, varying the number of features and sample sizes. Average number
and standard error (error bar) of (D) true causalities and (E) false causalities. DAG-deepVASE and linear DG did not identify any false causalities.

associations (Fig. 3A), whereas causalMGM identifies 42 associa-
tions (49.5%; Supplementary Table S2) of the associations. Since
causalMGM is only able toidentify linear associations, the 42 asso-
ciations are likely linear. Many of the identified linear associations
are already clinically and biologically verified. For example, the
serum level of soluble CD163 (sCD163), a macrophage activator
[51], only has linear associations (Fig. 3B) with biomarkers known
to activate macrophages, such as macrophage colony-stimulating
factor (M-CSF) [52], monocyte chemoattractant protein 1 (MCP-
1) [53], interleukin (IL)-1b [54], tumor necrosis factor « (TNF-a)
[55,56] and other key drivers of macrophage response, including
its ligand hemoglobin [57]. Also, age is another variable only lin-
early associated with other variables, including heart rate, creati-
nine, and lymphocyte count (Fig. 3B). Since each of them changes
monotonically with age in pediatric subjects [58-60], it is reason-
able that they are identified as linear associations.

In addition to the 42 linear associations that are identified by
both DAG-deepVASE and causalMGM, DAG-deepVASE uniquely
identifies 76 nonlinear associations. Multiple nonlinear associa-
tions have been validated in previous clinical and biological stud-
ies with an implication for nonlinearity. An example is an associ-
ation between systemic inflammatory response syndrome (SIRS)
status and heart rate (Fig. 3B). This association is expected to be
nonlinear, as the SIRS status is diagnosed by a nonlinear combi-
nation, which is the presence of any 2 of the 4 clinical criteria,
including tachycardia (elevated heart rate) [72]. Also, as the SIRS
response is defined as a result of systemic immunological acti-
vation, DAG-deepVASE uniquely found nonlinear associations be-
tween SIRS status and proinflammatory cytokines, including C-
reactive protein (CRP) [73, 74], IL-1B [75], and interferon y (IFN-y)
[76] (Fig. 3B), corroborating their collective roles in inflammation.
Since cytokines are produced involving different combinations of
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Figure 3: Linear and nonlinear associations in pediatric sepsis data. (A) Number of linear (blue) and nonlinear (red) associations involving each of the
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referred to Methods.

Table 2: Sixteen nonlinear associations (8 nutrient intakes and 8 bacteria genera) that were validated in literature

Nutrient intake

Bacteria genera

Micronutrient Reference Phylum Genus Reference
1 Linoleic [61] Proteobacteria Sutterella [62]
2 Omega 6 [63] Firmicutes Allisonella [64]
3 Dairy protein [65] Firmicutes Holdemania [66]
4 Aspartic acid, aspartame [67] Firmicutes Mitsuokella [68]
5 Phenylalanine, aspartame [67] Firmicutes Clostridium [64]
6 Choline, phosphatidylcholine [69] Firmicutes Megamonas [70]
7 Theaflavin 3-gallate, flavan-3-o0l(2) [71] Firmicutes Megasphaera [68]
8 Choline, phosphatidylcholine w/o suppl. [69] Firmicutes Acidaminococcus [64]

signal transduction pathways [77, 78], their associations with SIRS
are expected to be nonlinear rather than linear.

While the method identified validated associations, DAG-
deepVASE also identified novel nonlinear relationships of clinical
potential for future validation. For example, it identified the non-
linear associations between central nervous system (CNS) dys-
function and SIRS and between IL-22 and SIRS (Fig. 3B). The for-
mer is validated: critically ill patients with SIRS are known to have
a measurable risk for organ dysfunction such as CNS dysfunc-
tion [79, 80]. This validation also confirms our causal inference
that found the causal direction from SIRS status to CNS dysfunc-
tion (Supplementary Table S2). As it is imperative to elucidate how
SIRS interacts with modifiable cytokines for clinical potential, our
causal inference also suggests the novel clinical potential of IL-22
to treat CNS dysfunction through modifying SIRS status. While IL-
22 plays a key role in immunoregulation and has been linked to
the development of organ failure in mouse models of abdominal
sepsis [81], DAG-deepVASE revealed the causal relationship from
IL-22 to SIRS status in children with sepsis. Especially, it identi-
fied this relationship by strong effect size (top 19th out of 118;
Supplementary Table S2), suggesting a strong reproducibility and
thus clinical utility. After more experimental validations, this re-
sult can help design future clinical trials to treat organ dysfunc-
tions with IL-22 for pediatric sepsis. Altogether, DAG-deepVASE
identifies both validated and novel findings by identifying linear
and nonlinear associations with high sensitivity.

DAG-deepVASE accurately identifies nonlinear
causalities and estimates their effect sizes in the
nutrients/gut bacteria and BMI data

Variables in complex biological systems interact in varying de-
grees of nonlinearity [82-84]. To examine the sensitivity of DAG-
deepVASE in the presence of various degrees of nonlinearity, we
compared DAG-deepVASE with causalMGM and linear DG on
a cross-sectional dataset consisting of 214 nutrient intakes, 87
gastrointestinal (GI) bacteria genera, and BMI collected from 90
healthy volunteers [85]. Note that nutrient intakes would affect
GI bacteria before affecting BMI, suggesting generally a more non-
linear relationship between the nutrient intakes and BMI than be-
tween them and GI bacteria. For a balanced assessment, we se-
lected the same number (8) of nutrient intakes and bacteria gen-
era that are known to affect BMI in animal experiments or clinical
trials out of the 214 nutrient intakes and 87 bacteria genera data
(Table 2). We selected the 16 features also because they were pre-
viously suggested to have nonlinear associations with BMI by a
DNN-based variable selection method [49]. DAG-deepVASE iden-
tified 15 associations, while causalMGM and linear DG identi-
fied only 5 associations (31.3%): all these 5 associations are be-
tween specific GI bacteria and BMI (Fig. 4A). Note that causalMGM
and linear DG failed to identify any association between nutri-
ent intakes and BMI, while DAG-deepVASE could identify all 8 of
them. Since nutrient intakes likely affect BMI more nonlinearly
than between GI bacteria and BMI, this result reaffirms that DAG-
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Figure 4: Performance assessment of 4 causal inference methods on various degrees of nonlinear associations in BMI/bacteria/gut microbiome data.
(A) Number of associations the methods (causalMGM, linear DG, and DAG-deepVASE) identified between the BMI status and 8 nutrient intake (blue)
and 8 bacteria genera in the gut (red) that are validated associated with the BMI status. (B) The relationship between BMI and Firmicutes-Allisonella
identified with confidence interval (gray intervals). Red line represents the estimated linear regression, and P value for linear fit is calculated from a
permutation test with R? (Methods). (C) The relationship between BMI and choline, phosphatidylcholine w/o suppl. identified with confidence interval
(gray intervals). Blue line connects the middle point of the BMI values 1 to 5. (D) Number of true-positive (dark blue) and false-positive (red) causalities
identified by causalMGM, linear DG, and DAG-deepVASE. DAG-deepVASE and linear DG did not identify any false causalities.

deepVASE uniquely identifies nonlinear relationships. To charac-
terize the nonlinear associations, we examined how the 8 nutrient
intake and 8 bacteria genera levels change against the BMI value.
The 5 associations between GI bacteria and BMI identified by all
3 methods show a single linear association throughout the BMI
region (Fig. 4B [P -value for linear fit: 0.001], Supplementary Fig-
ure S2K-0). On the other hand, the other 8 associations between
nutrient intakes and BMI and 3 associations between GI bacte-
ria and BMI, which are identified by only DAG-deepVASE, show
nonlinear relationships (Fig. 4C [P value for linear fit: 0.58], Sup-
plementary Figure S2A-J [P value for linear fit on average: 0.42]),
characterized by multiple subtrends across the BMI ranges. For ex-
ample, choline and phosphatidylcholine w/o suppl. intake (Fig. 4C)
shows an increasing trend from BMI 1 to 3, a decreasing trend
from BMI 3 to 4, and then another increasing trend from BMI
410 5.

In the second step of determining causalities from the identi-
fled associations, we deemed true the causal directions from nu-
trient intake/bacteria genera to BMI based on literature in Table
1. DAG-deepVASE identified true causal directions from all the 15
associations it found. On the other hand, as causalMGM uses PC
to learn the causal directions of the associations, PC removed 2

of the 5 associations in its step of testing the conditional inde-
pendence relationship and identified the other 3 associations as
bidirectional causalities that we considered to be both false posi-
tive and false negative (Fig. 4D). While linear DG identified 5 true
causal directions on the 5 identified associations, it still could not
learn 11 causalities because of its inability to identify nonlinear
causality. Altogether, DAG-deepVASE outperforms other methods
due to its ability to identify nonlinear associations combined with
the excellent performance of DG in learning nonlinear causalities
among the identified associations.

Further, to demonstrate how the effect size DAG-deepVASE es-
timates lead to the unbiased discovery of causal relations, we es-
timated the effect size of all 301 potential associations between
nutrient intake/bacteria genera and BMI using DAG-deepVASE, in-
cluding nonvalidated ones (Supplementary Table S3). The top 5
associations that have the largest effect sizes estimated by DAG-
deepVASE’s nonlinear module are all validated: Meganomas [70],
Phenylalanine [67], Mitsuokella [68], Parvimonas [67], and Sporobac-
ter [68]. Since these findings were independent, it is difficult to pri-
oritize their importance. To conduct further experimental valida-
tions or clinical trials that target a limited number of strong as-
sociations, estimating effect sizes via DAG-deepVASE enables to
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prioritize important variables. Also, while the 5 top features are
already validated, it would be interesting to validate other novel
features with large effect sizes.

DAG-deepVASE identifies causal relations among
molecular and clinical variables in breast cancer
data

Among various types of variable interactions in a complex dis-
ease, identifying causal relationships between molecular vari-
ables (e.g., gene expression) and clinical variables (e.g., cytokine
measurements in the serum) is particularly interesting because
the findings can help identify molecular therapeutics. To evalu-
ate the performance of DAG-deepVASE in learning the complex
molecular pathogenic mechanisms, we compared DAG-deepVASE
with causalMGM and linear DG on the The Cancer Genome Atlas
(TCGA) breast cancer of gene expression and clinical variables,
such as PAMS0 (n = 601 tumor samples). PAM50 is an important
clinical feature to categorize breast tumors, which is defined by
the tumor’s expression of 50 genes (PAM50 genes) [86]. Therefore,
we consider the causal directions from the genes to the PAMS50 sta-
tus as true positives. For our analysis, we chose 10 of the 50 genes
(PAMS0-defining genes) that are also included in the top 500 genes
that have the highest variance across the samples (high-variance
gene set). In addition to the 10 genes, we also considered 5 clini-
cal variables, which are known to characterize breast tumors with
the PAMS5O0 status: estrogen receptor (ER) [87], progesterone recep-
tor (PER) [87], human epidermal growth factor receptor (HER) [88],
lymph node status [89], and tumor staging code [90].

In the first step of identifying associations between the 10
PAMS50-defining genes with the highest variances and PAMS0
status, DAG-deepVASE identified 9 of 10 associations, while
causalMGM and linear-DG identified only 5 of them, attribut-
ing the 40% power increase of DAG-deepVASE to the identifica-
tion of nonlinear associations. Between the 5 clinical variables
and PAMS50, DAG-deepVASE identified all 5 associations while
causalMGM and linear DG identified only 1 association (20%) (Fig.
S5A, Supplementary Figure S3A, B), suggesting that 80% (4 of 5)
of the associations are nonlinear. In the second step of learning
causal directions, DAG-deepVASE outperformed both causalMGM
and linear DG, identifying true causalities from all 9 identified as-
sociations between the genes and PAM50 (Fig. 5B). On the other
hand, causalMGM identified bidirectional causalities for 3 associ-
ations after the PC step removed the other 2 associations based on
the conditional independence relationships. And linear DG iden-
tified the correct causalities on all 5 identified associations but
was still missing causalities for the other 5 associations that lin-
ear DG could not identify. We did not assess the causal directions
between the 5 clinical variables and PAMS50 since the true causal
directions are not clear between them. We tried different parame-
ter settings of the methods to find that this trend holds true across
the parameter settings (Supplementary Fig. S3C, Supplementary
Table S4).

To ensure reproducibility of this finding, we further selected the
top 20 genes from PAMS0 genes with the largest variance in the
data and evaluated the methods on the genes. In identifying the
true associations, DAG-deepVASE identified 19 associations out of
20 (95.5%) while both causalMGM and linear DG identified 6 of
them (30%) (Supplementary Fig. S3D). And, in learning the causal
directions, DAG-deepVASE identified 19 true causalities from all
the identified associations, while causalMGM identified 4 true and
2 false causalities out of the 6 associations and direct DG identi-
fied 6 true causalities from all the identified associations (Sup-

plementary Fig. S3D). Altogether, the results demonstrate that
DAG-deepVASE outperforms causalMGM and linear DG in identi-
fying true associations, learning true causalities, and differentiat-
ing false causalities in the breast cancer data.To demonstrate how
DAG-deepVASE enables us to understand complex pathogenic
mechanisms across multiple regulatory layers in breast cancer,
we expanded our analysis by investigating causalities among the
10 genes and the 6 clinical features, including the PAM50 status.
Specifically, we inspected whether there are linear or nonlinear
causalities in the following categories: causalities between a gene
and a clinical feature and causalities between clinical features.
First, while only a few causalities between genes were identified
as nonlinear interactions (2 of 8 [25%]), most of the causalities be-
tween clinical features and between a clinical feature and a gene
were identified as nonlinear causalities (13 of 15 [86.7%[ and 34
of 43 [79.1%)], respectively). While many of them have been previ-
ously validated in clinical trials or biological experiments—for ex-
ample, from ERBB2 (HER2) to PR, ERBB2 to ER, and ERBB2 to PAM50
[91] and KRTS (keratinS5) to PR and KRT5 to ER [92] (Fig. 5D)—the
prevalence of nonlinear causality is consistent with the expecta-
tion since the clinical features, mostly hormone receptor status,
are regulated through multiple biochemical pathways [93], and
thus these relations are likely nonlinear. Other studies also advo-
cate the nonlinear interactions of the clinical features by showing
that incorporating nonlinearity in statistical models improves the
prediction accuracy of their effects on breast tumor biology (e.g.,
in the transcriptional profile and survival analysis) [46-48]. Sec-
ond, between a gene and a clinical feature, the method found that
all 43 causal directions are from genes to clinical features (Fig. 5C).
Since the clinical features in these data are mainly hormone re-
ceptor status, this result conforms to the expectation that genes
code for the hormone receptor activity [94]. Incorporating all lin-
ear and nonlinear causalities under the categories sheds mech-
anistic insight into the complex tumorigenic process underlying
breast cancer. For example, although the keratin genes (KRT5,
KRT14, and KRT17) were found to interact in cancer genome stud-
ies [95-97],it was not clear how the cluster affects clinical features
for cancer. Our result suggests that it is because the gene cluster is
formed in linear interactions, but its effect on clinical features is
mostly nonlinear. Altogether, DAG-deepVASE could identify non-
linear causalities, consisting of 74.2% of all causalities in these
data, which would be missed by other existing methods. Identi-
fying nonlinear causal relationships sheds insights into not only
genetic interactions but also their interactions with clinical fea-
tures of tumor biology.

Discussion

We developed the first method, DAG-deepVASE, that explicitly
learns both linear and nonlinear causal relationships in com-
plex biological systems in high-dimensional molecular and clin-
ical data. In complex biological systems, multiple regulatory lay-
ers (e.g., transcriptome and methylation layers) extensively inter-
act [1, 3,98, 99] and render variable interactions highly nonlinear.
In the simulated data of diverse scenarios and biological data of
various contexts (pediatric sepsis, TCGA breast cancer, BMI with
nutrients and gut bacteria), DAG-deepVASE consistently outper-
forms existing methods in identifying known and new nonlinear
causal relations. In the first step to identify associations, while
DAG-deepVASE identifies all the linear associations that are iden-
tified by causalMGM and linear DG, the method identifies non-
linear associations through DNN, which shows the power rang-
ing from 87% to 100% in identifying associations. In the second
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step to identify causalities from the identified associations, DAG-
deepVASE inferred causalities with a high accuracy (ranging from
88% to 100%) while causalMGM learned bidirectional causalities
on most of the associations and linear DG learned only a small
number of identified associations correctly. causalMGM learned
bidirectional causalities in our analyses because it returned a bidi-
rectional causality between variables mediated or confounded by
latent variables [8], which very likely exist in molecular and clin-
ical datasets. In contrast, the second step in DAG-deepVASE im-
poses a model on input variables (x;) instead of on the conditional
distribution of the association (distribution of x;|x;). This imposi-
tion guarantees to identify nonlinear associations even when the
model for the association is misspecified due to absence of latent
mediating variables.

To explicitly learn nonlinear associations, DAG-deepVASE lever-
ages a DNN approach differently from other DNN-based causal
inference methods by explicitly modeling nonlinearity in indi-
vidual variable pairs. Previous DNN approaches have been pro-
posed mainly to navigate the intractable search space for the op-
timal DAG. Although the studies showed that their local optimal
DAGs are often comparable to the global ones obtained through
expensive combinatorial search, these methods can also return
only a stationary-point solution rather than the global optimum.
For example, in our simulation experiments, NOTEARS and DAG-
GNN showed generally less than 50% of power compared to DAG-
deepVASE. However, our experiments also suggest that the ap-
proach of using DNN for navigating the search space may perform
better when more samples are collected to construct a more com-
prehensive search space. For example, the DNN methods identi-
fied generally more true causalities when more samples are input
(Fig. 2C, D and Supplementary Fig. S1C, D), though the improve-
ment seems to come at the expense of high false positives (Fig. 2E
and Supplementary Fig. S1E).

Another advantage of DAG-deepVASE is the knockoff frame-
work to estimate effect size for nonlinear associations that pri-
oritizes causal relations over simple correlation based on the
exchangeability property of the knockoff framework (see Meth-
ods). The estimated effect size is significantly larger for validated
causal relationships than for nonvalidated ones in both the BMI
data (P = 0.02; Supplementary Fig. S2P) and the breast cancer data
(P = 0.03; Supplementary Fig. S3D). Based on the rationale that
the effect sizes of validated associations are more apparent and
thus stronger, these results suggest that the effect sizes estimated
by DAG-deepVASE make sense, and these can facilitate translat-
able findings of the causal relationships by selecting strong causal
relations, either linear or nonlinear, to test in downstream ex-
periments or clinical trials. However, care needs to be taken in
interpreting the nonlinear effect size as it does not indicate the
strength or the direction of causal relations.

DAG-deepVASE enables a further translatable understanding of
complex diseases by putting linear and nonlinear associations to-
gether. In the subnetwork of pediatric sepsis data presented above,
[FN-y and TNF-« are connected through linear and nonlinear as-
sociations (gray nodes in Fig. 3B). Mouse experiments showed that
the interaction between IFN-y and TNF-« triggers inflammatory
cell death, tissue damage, and mortality in acute immune dis-
eases characterized by a “cytokine storm,” including lipopolysac-
charide (LPS)-mediated sepsis [100]. While it is difficult to iden-
tify multiple cytokines involved in the complex interactions, DAG-
deepVASE could identify the interactions between IFN-y and TNF-
« via multiple associations of both linear and nonlinear ones, in-
cluding MCP-1/CCL2. Since MCP-1/CCL2 shows a protective role
in a similar mouse model (a polymicrobial sepsis model with LPS)

[101], DAG-deepVASE suggests a therapeutic potential to the detri-
mental interaction between IFN-y and TNF-a.

Despite the clear advantages, DAG-deepVASE has some limita-
tions in improving the clinical relevance of the findings. The first is
that DAG-deepVASE cannot take nonordinal categorical variables
and take only continuous and ordinal categorical variables that
approximately follow Gaussian distribution since model-X knock-
off assumes Gaussian distribution. In this article, this condition
did not pose any problem as all variables of our interest were
either continuous or ordinal categorical. However, in the future,
we will generate the knockoff variables for nonordinal categorical
variables based on a regression model for nonordinal categorical
variables [102]. Second, while DAG-deepVASE can estimate the ef-
fect size, it does not estimate statistical significance. Thus, toiden-
tify significant causal relations in the future, we will estimate sta-
tistical significance of the likelihood ratio test we derived to deter-
mine the causal direction in causal inference step 1. Third, as with
other methods of learning causalities from observational data, the
validity of the learned causalities depends on how well the data
comply with the 3 causal assumptions: Markov, faithfulness, and
sufficiency. However, biological data could violate these assump-
tions and weaken the applicability of the inference results. For
example, since multiple biological layers, such as genomic, tran-
scriptomic, and epigenetic layers, often interact to render a phe-
notype in humans, confounders can occur in any of the layers.
However, it is not always feasible to measure all variables from all
the layers due to technical and practical reasons, indicating that
the causal sufficiency assumption of no latent confounder would
be hardly met for biological data. Thus, it is necessary to conduct
further experiments or clinical trials to validate the causal rela-
tionship learned through DAG-deepVASE.

In summary, we developed DAG-deepVASE, which learns causal
relationships in complex biological systems. DAG-deepVASE is the
first method that uses a DNN approach to identify linear and
nonlinear associations and learn their causal directions. DAG-
deepVASE outperforms existing methods, causalMGM, and lin-
ear DG, in identifying known causal relations in various sim-
ulation scenarios and molecular and clinical datasets. In addi-
tion to known causalities, DAG-deepVASE identifies novel com-
plex pathobiological interactions involving nonlinear causal rela-
tions, which is not possible using other methods. By applying the
knockoff framework to DNN, DAG-deepVASE estimates effect size
for nonlinear associations that prioritizes causal relations, which
allows to prioritize future clinical and experimental validations.
With these advantages, the application of DAG-deepVASE can help
identify driver genes and therapeutic agents in biomedical studies
and clinical trials.

Methods

In developing our method, we followed the DOME (Data, Opti-
mization, Model, and Evaluation) guidelines stated in [103]. Es-
pecially, we selected testing data that are representative of the
domain (TCGA breast cancer for molecular data, gut microbiome
and obesity data for metagenomics, and pediatric sepsis data for
clinical data) per the Data guidelines. Their accessions are fur-
ther detailed in the Availability of Supporting Data section. Per
the Optimization guidelines, we performed experiments with var-
ious numbers of neuron layers (1-5 layers) and various numbers
of neurons (10, 50, 100, 200, 400, and 600 neurons) in each layer on
the simulation data (10 and 190 features in true and false causal
relation to the outcome, respectively, generated for 1,000 samples)
(Supplementary Fig. S4). These experiments justify the current de-



sign principle of DNN methods to put multiple layers of the neu-
rons that is the same as the number of input features. For exam-
ple, our experiments demonstrate that, to run on the simulation
data, which consist of 100 features, DNN models of multiple layers
of 100 neurons perform the best. In this article, we followed this
design principle to implement our methods and reported all hy-
perparameters (Table 1) and optimization protocol under the Run-
ning Parameters of DAG-deepVASE section. Per the Model guide-
lines, we dockerized our method to make it easier for people to
test and deploy. Lastly, per the Evaluation guidelines, we compare
our method with the public method (causalMGM) and the simple
(baseline) method (linear DG) on the same dataset.

Pre- and postprocessing

To reduce false-positive discoveries, DAG-deepVASE carries out
several pre- and postprocessing steps. As a preprocessing step,
DAG-deepVASE filters out variable pairs that are conditionally in-
dependent on all the other variables based on inverse covari-
ance (<0.0001), using a Python function in the package for ma-
chine learning optimization (scipy.linalg.inv). Althoughitis a com-
mon practice for computational causal inference under certain
assumptions and the filtered-out nodes may not change the rest
of the network, we made it optional since they can be important
nodes for downstream analysis [104]. As another optional post-
processing step, DAG-deepVASE can detect a cycle (a nonempty
tail in which the first and the last nodes are equal) in the network
connecting the causal relations. Further, users can remove the cy-
cle components by removing edges with their prior knowledge or
DAG-deepVASE can automatically remove the edges with the least
effect size it estimates.

Running parameters of DAG-deepVASE

To identify linear and nonlinear associations in each dataset, we
first performed preprocessing steps described in the Pre- and Post-
processing section. To identify linear associations after the steps,
we ran Lee and Hastie's log-likelihood model [6] for all possible
variable pairs (x,y in Equation 1) with the penalty to select im-
portant variables (Equation 2). We set the sparsity penalty values
of the likelihood function to 0.3 unless specified otherwise. Vari-
able pairs that remained after applying the penalty are significant
linear associations.

To identify nonlinear associations, we first built a deep neural
network model consisting of the input layer, 2 hidden layers, and
the output layer (Step 1-1 in Fig. 1). Assume that the input data
have p input variables, and then we set the input layer with 2xp
neurons, since we generated the knockoff variable for each input
variable and combined them in a pairwise fashion in the input
layer (Equations 3, 4). The combined input-knockoff neurons are
fully connected to the hidden layers. For the case of p input vari-
ables, each hidden layer has p neurons, further transformed us-
ing the rectified linear unit activation function [105]. The initial
weights for the hidden layer are generated using the Glorot nor-
mal initializer [106], which uses L1-regularization with the regu-

larization parameter set to O(\/ZI%E). To train this model, mean
squared error (MSE) is used to calculate the loss in comparison
with the response on the output layer. To train the model’s param-
eters with respect to the loss function, we used a stochastic gradi-
ent descent method called “Adam optimization.” Then, we ran it
to identify variables that predict the outcome variable with a high
effect size estimated in Equations 5, 6. Equations are described in
the Algorithm of DAG-deepVASE section. All running parameters
for the nonlinear module are summarized in Table 1. To identify
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nonlinear associations between all pairs, we ran this procedure
repeatedly with each variable as outcome and all the rest as in-
put. While the procedure was previously developed to identify in-
put variables that can predict the outcome [49], DAG-deepVASE
identified these prediction pairs as associated variables based on
a widely accepted notion that a predictor and the outcome are
statistically an associated pair. For theoretical understanding of
the equations, readers are referred to the following section.

Algorithm of DAG-deepVASE

Let X be the data matrix of interest with variables measured
over N observations. x; € X is the M -dimensional feature vec-
tor observed for sample i, consisting of C continuous variable
set X¢ and D ordinal categorical variable set Xp (C+D = M).
To systematically construct a DAG from both linear and non-
linear associations among variables, DAG-deepVASE leverages a
well-established computational framework where variable asso-
clations are first identified, and their causal directions are then
learned [5,7, 107].

In the first step, DAG-deepVASE selects linearly associated vari-
ables based on Lee and Hastie’s log-likelihood [6] as follows.

e c
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where © represents all of the model parameters; By is the interac-
tion coefficient between 2 continuous variables, X¢, and X¢j; ay, is
the potential of continuous variable X¢; vy is the interaction pa-
rameter between continuous variable X, with each index of the
categorical variable Xpj; and @y is a matrix of interaction param-
eters between discrete variables Xpy, and Xp; (indexed by their lev-
els) [6]. If the data consist only of continuous variables, this model
reduces to a multivariate Gaussian model with B coefficient as
entries in the precision matrix. If only with categorical variables,
this model is the popular pairwise Markov random field with po-
tentials given ®@y;. While calculating the partition function Z can
be expensive, it is possible to optimize the log-likelihood edge by
edge [8] under the faithfulness and causal Markov assumptions.
Overall, this equation models the log-likelihood of interactions of
continuous variables and categorical variables as a multinomial
linear regression. To ensure sparsity and select associated vari-
ables in the regression model, Sedgewick et al. [8] introduced spar-
sity penalties for associations between continuous variables, be-
tween a continuous and a categorical variable, and between cat-
egorical variables (A, A, raq, respectively) as follows:

minimize@f(G)) + Acc Z |ﬂu‘ + Aed Z ||UUH2 + Xag Z H@U ‘ |F (2)

i<j i,j i<j
For balance estimation of the associations, DAG-deepVASE uses
the same sparsity penalty (0.3 for all 3 interactions) and set the
False Discovery Rate (FDR) level q as 0.05. After selecting the in-
teractions, we report as effect size the coefficients in the model
(B, vij, or, @y, corresponding to the type of the selected vari-
ables).

In the second step, DAG-deepVASE selects nonlinearly associ-
ated variables as follows. To identify nonlinear associations with
x;, DAG-deepVASE sets multiple perceptron layers between X,; =
{X1,X2, ..., Xi_1, Xiz1, ., Xm} and x; (Step 1. Nonlinear association
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in Fig. 1) and estimates the effect size of the association between
(xj € X\i, x). To estimate the effect size, DAG-deepVASE gener-
ates model-X knockoff [108]. For input variables x; and x;, the ex-
changeability property ensures that (x;, x;, Xj)=1(x, X}, x;), where
"=@" denotes equality in distribution. The exchangeability prop-
erties help prioritize causal relations with x; over simple correla-
tions. For example, suppose (x;, x;) is a correlation without causal
relation. Then, the feature exchangeability (x;, Xz, &)=1 (x;, &, Xz)
will hold and make their relationship measure |RIy| and \ml ex-
changeable, which will make Sy, = |RIj| — |§Tik| to follow a distri-
bution symmetric around 0. On the other hand, suppose (x;, x;)
is a causal relation. Then, S;; will indicate how deviated the re-
lationship of (x;, x;) is compared to the null hypothesis, leading
to estimation of the effect size. The idea is that knockoff ma-
trix X is generated to mimic the correlation structure within X
but minimizes the cross-correlation with the outcome variable
[108]. Specifically, model-X knockoff variables for the set of ran-
dom variables X = (x1, ..., x,)T of our interest are a new family
of random Variables X =(%,..., %" that satisfy 2 properties: (i)
(X, X)swaps)=" (X, X) for any subset S € {1, ..., M}, where swap(s)
means swapping x; and X; foreach jeS and _d denotes equal in
distribution, and (i) X LY|X, that is, X is independent of X given
outcome Y. Suppose x; ~ N(0, £) with & € R™M the covariance
matrix. A valid construction of Xj is

Kjlxj ~ N (xj — diag (S} '}, 2diag (S} — diag (S} =~'diag{(S}). (3)

Model-X knockoffs can be sampled from the conditional distribu-
tion of Xi|x; as follows:

B 0 ) ¥ — diag {S}
(x.%5) ~ N ((O) (2 —diag{s} = )) ?

In this sampling, the sensitivity of identifying x; can increase
with a larger S since it will make the knockoffs more differ-
ent from S, subjected to another constraint that S should make
¥ — diag{s} = 0. By pairing knockoff variable Xj with the corre-
sponding input variable x; and optimizing together for x;, one can
quantify the importance of x; in reference to x~} Specifically, let
W e RMx1 W e RMM, WP ¢ RMM and W € R*? be the
we1ght matrices connecting the input vector to the first hidden
layer, the first hidden layer to the second hidden layer, the second
hidden layer to the third hidden layer, and the third hidden layer
to x;, respectively. The Weight estimates can be summarized into
w; = Wl.(o) ® (Wi(l)WI(Q)W ), where ® denotes the element-wise ma-
trix operation. Also, let ri;; and m; ;i be the filter weight for x; and its
knockoff counterpart X;. Then, variable importance values can be
estimated for input and knockoff variables as follows:

Rlﬁ = Tiﬁ X Wj and ﬁ;i = }:171 X lﬁi. (5)

We use Adam to train this deep learning model with respect to the
mean squared error loss, using an initial learning rate of 0.001 and
batch size 10. With S;; = |RIj| — |§T;|, DAG-deepVASE estimates ef-
fect size on (x; € X,;, x;) adopted from [109, 108], which can be de-
scribed in the following 2 options:

T = min teS,HJ.:Sﬁ;t}| <qeorTy
1= Sji =t}
- 1+[{j:Sji= -t} }
= min teS,— <q (6)
{ 1V|{J Sip=t H

where q is a user-defined nominal false discovery rate and T or T,
is a threshold value for determining which features should be se-

lected. We controlled FDR q = 0.05based on Sj;. While this setting
has previously been used for a variable selection problem with re-
spect to outcome [30-33], we extend this problem to estimate the
nonlinear effect size for associated variables in this article. Since
model-X knockoff assumes to follow a Gaussian distribution, we
will include only continuous or ordinal categorical variables that
approximately follow Gaussian distribution (using the Q-Q plot).
We set parameters of DAG-deepVASE according to a guideline
that utilized the knockoff framework for variable selection [49]
(Table 1).

In the third step, for each identified variable association
(x;, x;), whether linear or nonlinear, DAG-deepVASE determines
the causal direction as extended from the DG framework as fol-
lows, calculated as

2)= idg (2122 ) - )
j=1

where

dg (ZjlzPa)G> =

14 (émlelz{j}upa)c> —¢ (émle\zpaf>

log (n),

wherecisa penalty discount used to tune the density of the result-
ing graph. Also, £(Bmiel Zsup), which is the log-likelihood of a subset
of Z, is computed using the Gaussian log-likelihood function in
reference to "y, the partial covariance matrix for the input vari-

ables. Note dg(Z;|Zp,c) =
J

uous variables [13]. By maximum likelihood, the DG framework

determines x; as causal and x; as effect if dg(x;|x;) > dg(x;|x;) or

C
-5 1zl )ZPa]G

logP(X;|Xp,e) if the data have only contin-
J

dg(xi|x;) — dg(x;1x;) > 0. Due to multiplication commutativity,
dg (xi|x;) — dg (xj1x;)
= (9m18|x{”}> ¢ (9m16|x) £ il x;| log ()
( < mIelX{) 1}) ¢ ( elXi) = 3 |X)| %] log (N)) (8)
=/ 14

(leelxlg (9m1e|Xj>
O i

()0

After running this likelihood ratio test, we algorithmically remove
the causal relations that create a cycle (a nonempty tail in which
the first and the last nodes are equal) to ensure acyclicity by re-
moving the one association with the least effect size (Sj;).

Simulation for nonlinear associations

The nonlinear simulation datasets were generated using a sin-
gle index model [110-113]. Each simulation dataset consists of
3 parts: outcome variable y = (Y1,...,Y,)" € RNV*1; a set of inde-
pendently and identically distributed random variables X € RN*M,
which have a different degree of nonlinear association with y; and
a set of independently and identically distributed random vari-
ables Z e R&*M which have no association with Y. The following
model was used to generate associated variable pairs x; and Y:

Yi =g (XlTﬂ) +(1—0t) XIT)/ + & (9)

where g is a nonlinear link function that we set to be a cube (X?)
function, Y; is the outcome value, and ¢; is noise added to the ith
outcome. o determines the proportion of the (non)linearity of the
simulation where @ = 1 determines the association of X; and Y;
only with the nonlinear link function (complete-nonlinear) and
a = 0.5 determines the association half by the nonlinear func-
tion and half by the linear function (partial-nonlinear). The distri-



bution for noise ¢ was simulated from N (0, o2ly), where o is set
as 1. The rows of X were simulated independently from a distribu-
tion A0, Y) with a precision matrix 7! = (0712 k= (g4p) With
p = 0.5. A similar strategy has been used to assess the perfor-
mance of deep learning methods developed for variable selection
and causal inference, deepPINK [49] and DAG-GNN [42], respec-
tively. In this article, we extended their methods by diversifying
the degree of nonlinearity by adding the proportion of linearity
a. Also, note that this simulation satisfies the essential condition
for causal inference, causal sufficiency. Specifically, Y is the direct
product of X without a mediator (Equation 9). Since this means no
latent confounder in the causal relationship from X to Y, it satis-
fies causal sufficiency. The other 2 essential causal assumptions,
causal Markov and faithfulness, are not relevant to the simula-
tion since there is no other variable in the simulation that is con-
ditionally dependent or independent of X and Y. Altogether, this
simulation experiment is designed to evaluate the performance
of causal inference methods in a straightforward setting.

For each parameter combination (number of features and sam-
ples, complete- or partial-nonlinear), we ran various numbers of
repetitions (50, 100, and 150) but report the results of 50 repeti-
tions as different numbers of repetitions returned very similar re-
sults.

Availability of supporting data

We used a simulation dataset, 2 public data, and 1 access-
controlled data. Our simulation data are downloadable
from our project website [114]. TCGA breast invasive carci-
noma (BRCA) data were downloaded from the USCS Xena
browser [115], available under the BRCA cohort, under the
gene expression RNAseq section, on the IlluminaHiSeq
(n = 1,218) TCGA Hub. It consists of the gene expression
RNAseq dataset (dataset ID: TCGA.BRCA.sampleMap/HiSeqV2)
and the clinical phenotype dataset (dataset ID:
TCGA.BRCA.sampleMap/BRCA_clinicalMatrix). To investigate
the dietary effect of the human gut microbiome, we downloaded
cross-sectional data of 98 healthy volunteers from the DeepPINK
resource site [116] that preprocessed the dataset collected from
[85]. We also used access-controlled data of pediatric sepsis. The
entire data are available upon request and after taking due steps
for the rights and welfare of human research subjects involved
in the study (regarding the institutional review board review).
However, to ensure reproducibility of our findings, we uploaded a
downsampled (70%) version of our datasets for the interactions
of SIRS on the code and data repository site described below.
The interactions of SIRS form the basis of our novel findings and
include SIRS with heart rate, CRP, [FN-y, CNS dysfunction, and
IL-22. We ensured that our findings are reproduced using this
dataset. Details of each data are given below.

Breast cancer data

The gene expression RNAseq section in the Xena website in-
cludes the level 3 data estimates in the log2(x + 1)-transformed
RNA-Seq by Expectation-Maximization (RSEM) normalized count
obtained from the TCGA data coordination centers. The Uni-
versity of North Carolina TCGA genome characterization center
experimentally measured the gene expression profile using the
Ilumina HiSeq 2000 RNA sequencing platform. Since we selected
genes based on the expression variation, we did not use gene
expression data with further normalization in the Xena website,
such as pancan normalization or percentile normalization. For
the gene expression dataset, we selected 500 or 2,000 expressed
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genes based on their variances. Then, we added ERBB2 (also
known as HER2 or neu) to the selected gene set to the 500
genes selected above. ERBB2 was included due to its impor-
tant role in human malignancies, especially for human breast
cancers [117]. For the clinical dataset, we used 10 well-known
clinical status features: PAM50 status (PAMS0Call RNAseq),
HER2 status (HER2_Final Status_nature2012), tumor stage (Con-
verted_Stage_nature2012), tumor node status (Node_nature2012),
the PR status (breast_carcinoma_progesterone_receptor_status),
the ER status (breast_carcinoma_estrogen_receptor_status),
the number of lymph nodes (lymph_node_examined_count),
neoplasm cancer status (person_neoplasm_cancer_status), and
pathologic stage information (pathologic_stage).

Gut microbiome data

These data have 214 micronutrients and 87 genera from 90
healthy donors. They were between the ages of 18 and 40 and
required to be free from any chronic GI disease, cardiac disease,
diabetes mellitus, or immunodeficiency diseases; to have a nor-
mal bowel frequency (between once every 2 days and 3 times per
day); to have BMI between 18.5 and 35. They had not taken antibi-
otics within 6 months prior to enrollment, proton pump inhibitors,
H2 receptor antagonists, tricyclic antidepressants, narcotics, an-
ticholinergic medications, laxatives, or antidiarrhea medications
within 4 weeks of enrollment or nonsteroidal anti-inflammatory
drugs, dietary supplements, or antacids within 2 weeks prior to
enrollment.

The BMI data were evaluated based on the donors’ information,
and the bacteria data were extracted using 16S ribosomal RNA se-
quencing from the stool samples. For a consistent result with pre-
vious analyses, we used the same data preprocessing procedure
as previous computational work on the data [49]. In particular,
the nutrient values were normalized using the residual method
to adjust for caloric intake and then standardized [118]. Then,
these data were log-ratio transformed to get rid of the sum-to-1
constraint and then centralized. Following [64], Os were replaced
with 0.5 before converting the data to a compositional form. With
both the nutrient intake and genera composition as predictors, we
treated BMI as the response.

Pediatric sepsis data

The pediatric sepsis data were collected from 9 pediatric inten-
sive care units in the Eunice Kennedy Shriver National Insti-
tutes of Child Health and Human Development Collaborative Pe-
diatric Critical Care Research Network (including Children’s Hos-
pital of Pittsburgh, Children’s Hospital of Philadelphia, Children’s
National Medical Center, Children’s Hospital of Michigan, Nation-
wide Children’s Hospital, Children’s Hospital of Los Angeles, St.
Louis Children’s Hospital, C. S. Mott Children’s Hospital, and Mat-
tel Children’s Hospital at the University of California, Los Ange-
les) [119]. Briefly, we collected blood samples and clinical data ob-
tained from our previously published PHENOMS study [119]. Ap-
proval was obtained from the University of Utah Institutional Re-
view Board, Central IRB #70976. Written informed consent was
obtained from 1 or more parents/guardians for each child. As-
sent was garnered when the child was able. Patients were en-
rolled from 2015 to 2017. The CONSORT diagram and details of
the clinical study protocol have been previously published [119].
In brief, children qualified for enrollment in PHENOMS if they (i)
were aged from 44 weeks’ gestation to 18 years; (ii) were suspected
of having infection, meeting 2 or more of 4 systemic inflamma-
tory response criteria [120]; and (iii) had 1 or more organ failures
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Table 3: Variables in the pediatric sepsis data

Variable Description of variable
Demographic

Age

PRISM?

Low SBP Lowest systolic blood pressure
High heart rate Highest heart rate

Low temp Lowest temperature

High temp Highest temperature

GCS Lowest Glasgow Coma Scale (GCS) score
Lower platelet Lowest platelets

Labs

Higher creatinine Highest value from PRISM High

Creatinine and High Creatinine

Low lymphocyte Absolute lymphocyte count

Low hemoglobin Hemoglobin

Low platelet Platelet count

Ex vivo TNF-«a Blood endotoxin-stimulated TNF-«
SFASLigand sFas ligand

sCD163 Soluble CD163

ADAMTS13 A disintegrin and metalloproteinase with

a thrombospondin type 1 motif, member
13

Organ failure

SIRS Systemic inflammatory response
syndrome criteria

Cytokine

CRP C-reactive protein

IFN-B Interferon g

1L-22 Interleukin 22

1L-18 Interleukin 18

IL-18BP Interleukin 18 binding protein

MIG-CXCL9 Chemokine (C-X-C motif) ligand 9
(CXCL9) or monokine induced by
interferon gamma (MIG)

IL-18 Interleukin 18

1L-4 Interleukin 4

1L-6 Interleukin 6

1L-8 Interleukin 8

1L-10 Interleukin 10

1L-13 Interleukin 13

IL-17A Interleukin 17A

IFN-y Interferon y

IP-10/CXCL10 C-X-C motif chemokine 10 (CXCL10) or
interferon y-induced protein 10 kDa

(IP-10)

MCP-1/CCL2 Chemokine (C-C motif) ligand 2 (CCL2) or
monocyte chemoattractant protein 1
(MCP1)

MIP-1a Macrophage inflammatory protein la

MIP-18 Macrophage inflammatory protein 18

TNF-o Tumor necrosis factor «

MCP-3 Monocyte chemotactic protein 3

IFNa2 Interferon o2

IL-la Interleukin la

IL-2Ra Interleukin 2 receptor antagonists

IL-3 Interleukin 3

IL-16 Interleukin 16

M-CSF Macrophage colony-stimulating factor

SCF Stemn cell factor

Trail Trail

Ferritin Ferritin

@PRISM: Pediatric RISk of Mortality.

[121]. Three consented and enrolled children who were excluded
from reporting in the parent study manuscript due to a maximum
per site enrollment of 81 patients to evenly distribute enrollment
among the centers were additionally included in this analysis. An-
other work investigating these data is in progress, and thus these
data are currently not deposited in the public domain yet. There
originally were 55 candidate clinical features and 33 cytokine fea-
tures measured from 404 children admitted. We removed fea-
tures with a missing rate higher than 20% as well as highly corre-
lated features (Pearson’s correlation coefficient >0.6). Finally, we
dropped samples with any missing data. As a result, this dataset
provides 56 features (Table 3) from 281 samples with low corre-
lations (<0.3 and >—0.44 in Pearson’s correlation coefficient). In
our analyses, some clinical terms were reported with the following
abbreviations: GCS: Glasgow Coma Scale; CRP: C-reactive protein;
SIRS: systemic inflammatory response syndrome: sCD163: solu-
ble CD163; M-CSF: macrophage colony-stimulating factor. Table
3 has all the variables with full names. To address the high right-
skewness of the clinical data, we employed the log transformation
(log10) on the values.

Additional Files

Supplementary Figure S1. AUC estimated for DAG-deepVASE and
causalMGM on (A) 20 true and false associations and (B) 40 true
and false associations, both under complete-nonlinear scenar-
ios. (C) Average number, and standard error (error bar), of true
associations in the partial-nonlinear scenario identified by DAG-
deepVASE (red), causalMGM (gray), or linear-DG (yellow) over 50
runs in various simulation scenarios, varying the number of fea-
tures and sample sizes. Average number, and standard error (er-
ror bar), of (D) true causalities and (E) false causalities identified
by DAG-deepVASE (red), causalMGM (gray), or linear-DG (yellow)
over 50 runs. DAG-deepVASE and linear-DG did not identify any
false causalities.

Supplementary Figure S2. (A-]) Variable values against the BMI
value window (1~5) that are identified as a nonlinear association
to BMI (K-O) Variable values against the BMI value window (1~5)
that are identified as a linear association to BMI. In the figures,
KS is Kolmogorov-Smirnov (KS) test statistic, pval next to it is es-
timated from the KS test, rval is from a linear regression model,
pval next to it is from the regression, and importance is the ef-
fect size measured in DAG-deepVASE under the knockoff frame-
work. The gray area indicates 95% confidence intervals, the blue
lineindicates median values, and the red line represents a linearly
regressed line (Methods). (P) Effect size of the 11 causalities identi-
fied uniquely by DAG-deepVASE out of the 16 validated causalities
and 285 unvalidated factors to BMI out of 301 potential associa-
tions between nutrient intake/bacteria genera and BMI estimated
by DAG-deepVASE.

Supplementary Figure S3. (A) PAMS0-defining genes associ-
ated with the PAMS0 status of patients identified by both
DAG[1]deepVASE and causalMGM (purple) or uniquely by DAG-
deepVASE (red). Both DAG-deepVASE and causalMGM could not
identify a PAM50-defining gene (MIA) in a dotted line. (B) clinical
features (e.g., hormone status) of the breast cancer samples asso-
ciated with PAM50 that are identified by both DAG-deepVASE and
causalMGM (purple) or uniquely by DAG-deepVASE (red). (C) Num-
ber of causalities, either from genes to PAM50 status (blue), which
we deemed true positive, or from PAMS50 status to genes (orange),



DAG-deepVSAE: deep-learning-based causal inference method. | 15

which we deemed false positive, identified by causalMGM, linear-
DG, and DAG-deepVASE run with various parameter settings. We
also evaluated the number of causalities between PAMS50 and clin-
ical features (gray). (D) Effect size comparison between 9 PAM-
defining and 491 other genes in the 500 genes with high variance
of expression. P-value is estimated by t-test.

Supplementary Table S1. Average prediction power on true as-
sociations evaluated in simulation studies of different scenarios
(using 50 repetitions of data). Supplementary Table S2. Causal re-
lationships and the effect size identified in the Pediatric Sepsis
Data by DAG-deepVASE. The causal relationships are under DAG-
deepVASE column and the effect sizes are under Association ef-
fect size column. Supplementary Table S3. The effect size of all
301 potential associations between nutrient intake/bacteria gen-
era and BMI estimated by DAG-deepVASE. Supplementary Table
S4. Number of causalities identified by each combination of pa-
rameters for identifying associations (e.g., alpha and lambda as
defined by causalMGM or DAG-deepVASE) and inferring causali-
ties (e.g., alpha and penaltyDiscount as defined by PC or DG).
Supplementary Table S2. Causal relationships identified in the
Pediatric Sepsis Data by causalMGMS.

Supplementary Table S3. The effect size of all 301 potential as-
sociations between nutrient intake/bacteria genera and BMI esti-
mated by DAG-deepVASE.

Supplementary Table S4. Parameter setting for the simulation ex-
periments.
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