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Abstract. The nonparametric identification of causal mediation effects
from heterogeneous multimodal observational data remains an open
theoretical problem. Existing single-modal methods cannot handle
cross-modal causal relationships, while multimodal learning methods
lack causal inference capabilities, preventing reliable mediation pathway
identification and effect quantification under structural uncertainty.
We propose the Multimodal Structure-Informed Guided Mediation
Analysis (MM-SIGMA) framework, which achieves automated cross-
modal mediation pathway identification and end-to-end uncertainty
propagation through probabilistic causal structure discovery. We
establish nonparametric identification conditions for the Cross-Modal
Natural Direct Effect and Cross-Modal Natural Indirect Effect from
heterogeneous multimodal observational data, and build MM-SIGMA
upon this theoretical foundation. Specifically, it employs multimodal
variational autoencoders for causality-preserving latent representation,
differentiable Flow-Structural Equation Models for asymptotically
consistent latent structure learning, Cross-Modal Path Stability Scoring
for high-confidence pathway identification, and Efficient Influence
Functions with Bayesian Model Averaging for end-to-end uncertainty
propagation. Experiments on synthetic data demonstrate state-of-
the-art performance under structural uncertainty, nonlinearity, and
cross-modal heterogeneity. On the HPP dataset, MM-SIGMA identifies
cross-modal mediation pathways connecting sleep, fundus imaging, and
cardiovascular health, revealing undiscovered cross-system mechanisms.

Keywords: Multimodal causal inference - Mediation analysis

1 Introduction

Causal mediation analysis has emerged as a critical framework bridging causal
inference and machine learning [12}24[39]. Recent studies emphasize the evolu-
tion from estimating total effects to elucidating underlying mechanisms [26}/41],
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a transition essential for developing clinical decision systems capable of interven-
tion reasoning and interpretable explanations [25,/28|. Modern disease processes
span multiple biological layers: molecular and cellular abnormalities can trigger
changes in organ morphology and function, ultimately manifesting as clinical out-
come differences [16,40]. Single modalities can only capture fragmentary informa-
tion from one layer |9], while disease mechanisms exhibit cross-modal cascade
effects—for example, metabolic disorders first manifest in molecular biomark-
ers [1], subsequently reflect in retinal vascular morphological changes in fundus
images [43], and further impact cardiovascular functional indicators |11]. Existing
single-modal causal analysis methods cannot adequately reveal such cross-level,
cross-modal mediation chains [37}/44]. Therefore, achieving biologically plausi-
ble cross-modal mechanism modeling with robust pathway effect quantification
constitutes the current core challenge in multimodal causal inference.

Disease modalities differ substantially in dimensional scale, distribution, and
temporal granularity [17], with cross-modal associations further complicated by
nonlinearity and potential time delays [8]. Empirical evidence confirms such
cross-modal causal chains: sleep apnea has been shown to affect cardiovascular
outcomes via inflammatory mediators |36], while retinal vascular morphology
independently predicts cardiovascular risk [18]. Yet the complete causal mech-
anisms underlying complex diseases cannot be captured by any single modal-
ity |31]—a heterogeneity that fundamentally violates the homogeneity assump-
tions of existing mediation analysis methods [20].

Extending causal mediation analysis to multimodal environments faces
four interconnected technical challenges: i) Multimodal Unified Representation
Learning (MURL): existing methods optimize reconstruction rather than causal
objectives |229], causing latent representations to destroy causal dependencies
in original data [4]. ) Latent Space Causal Structure Discovery (LSCSD):
traditional causal discovery algorithms cannot guarantee that latent causal
relationships correspond to those among original variables |[15] /46| /47]. 4ii)
Cross-Modal Mediation Pathway Identification (CMMPI): existing methods
rely on predefined pathways and cannot operate cross-modally [7}/42], leaving
cross-modal mediation identifiability theoretically unestablished. iv) Uncer-
tainty Propagation and Effect Estimation (UPEE): existing estimators assume
known structures [30,/34], preventing valid confidence interval construction [6)
under multimodal structural uncertainty. We propose unifying these four
challenges within MM-SIGMA to quantify cross-modal mediation pathways
under structural uncertainty.

To bridge this theoretical gap, we first establish nonparametric identification
conditions for CM-NDE and CM-NIE from heterogeneous multimodal observa-
tional data under standard causal assumptions, providing the theoretical founda-
tion upon which the entire framework rests. Building on this, we propose the Mul-
timodal Structure-Informed Guided Mediation Analysis (MM-SIGMA) frame-
work, which achieves automatic identification of cross-modal mediation pathways
and end-to-end uncertainty propagation through probabilistic causal structure
discovery and uncertainty quantification. Specifically, MM-SIGMA constructs a
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multimodal variational autoencoder architecture that maps heterogeneous data
to a shared latent space through structured and image data encoders along with
cross-modal alignment loss. Based on unified representations, MM-SIGMA em-
ploys differentiable Flow-Structural Equation Models for structure learning in
latent space, learning edge parameters encoding structural uncertainty and sam-
pling to generate directed acyclic graph ensembles. On this ensemble, we apply
Path Stability Score to identify high-confidence latent mediation pathways and
map them to interpretable cross-modal mediation pathways based on correspon-
dence between latent and original variables, thereby avoiding manual pathway
pre-specification limitations. For identified mediation pathways, MM-SIGMA
employs efficient influence functions for pathway-specific effect estimation and
uses Bayesian model averaging to fuse within-structure estimation uncertainty
and between-structure effect variation, propagating uncertainty to final effect
estimates. We validate MM-SIGMA'’s effectiveness on high-dimensional, hetero-
geneous HPP data, identifying and quantifying cross-modal mediation pathways
connecting sleep, retinal image features, and cardiovascular health.
The contributions are summarized as follows:

1. We establish nonparametric identification conditions for CM-NDE and CM-
NIE from heterogeneous multimodal observational data, filling a fundamen-
tal theoretical gap in cross-modal causal mediation analysis.

2. We propose MM-SIGMA, an end-to-end framework built upon the above
identification theory, unifying multimodal representation learning with prob-
abilistic causal structure discovery via differentiable Flow-SEM, and achiev-
ing uncertainty propagation from representation learning to effect estimation
via extended Efficient Influence Functions with Bayesian Model Averaging.

3. We introduce CM-PSS, identifying cross-modal mediation pathways by
quantifying marginal probabilities of latent paths in posterior DAG samples,
with interpretable mappings to original variables.

4. We validate MM-SIGMA on high-dimensional heterogeneous HPP data,
identifying and quantifying cross-modal mediation pathways connecting
sleep, retinal images, and cardiovascular health outcomes.

2 Real-world Multimodal Dataset

We employ the Human Phenotype Project (HPP)E| dataset for real-world valida-
tion. As illustrated in Figure a), HPP is a phenotyping cohort study with home
sleep apnea test data from 6,366 adults(3,043 male and 3,323 female participants)
across 16,812 nights of continuous monitoring. The overall project includes ap-
proximately 28,000 participants, with over 13,000 completing their initial visit.
The coordinated collection process, as shown in Figure b), provides temporally
aligned longitudinal measurements across multiple physiological systems. The
project conducts measurements across 16 body systems within a +6-month time
window, ensuring temporally aligned longitudinal data quality. The study col-
lected 448 sleep characteristics, aggregating clinical and physiological attributes
into domain knowledge features through cross-system grouping.

4 https://knowledgebase.pheno.ai/
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Fig.1: MM-SIGMA: (a) HPP modality categories, (b) 14-day post-visit acquisition
timeline, (c) schematic of cross-modal mediation discovery under structural uncertainty,
and (d) synthetic image generation via five deterministic causal embeddings.

We employ five representative data categories to construct a cross-modal
analysis framework, as depicted in Figure a). Sleep features include sleep du-
ration, sleep efficiency, apnea-hypopnea index (AHI), oxygen desaturation index,
and arousal index as sleep quality parameters. Body composition indicators en-
compass body mass index, muscle mass, visceral fat ratio, waist-hip ratio, and
other anthropometric parameters. The cardiovascular system includes systolic
blood pressure, diastolic blood pressure, heart rate variability, carotid intima-
media thickness, vascular stiffness, and other cardiovascular functional param-
eters. Inflammatory and metabolic pathways encompass inflammatory markers
such as interleukin-6 and C-reactive protein, as well as metabolic indicators
including fasting glucose, insulin, total cholesterol, and triglycerides. Fundus
imaging features are acquired from 8,467 individuals via non-mydriatic fundus
photography, extracting 12 quantitative vessel indicators (density, width, fractal
dimension, tortuosity) and structural parameters (optic disc area, cup-to-disc
ratio, macular thickness) through standardized deep learning preprocessing.

3 Synthetic Multimodal Dataset Construction

To evaluate MM-SIGMA under controlled conditions, we construct synthetic
multimodal datasets with known cross-modal causal relationships. Let X(*) =
{st), ...,Xlgj)} € R% denote structured variables and Iy € RZ*XWX*C the base
image. We construct 7 : X(®) x Iy — I generating causally informative images
via deterministic transformations, where P(I\do(X,ES) =1)) =6(I — Tp(o,x)).
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Five transformation types embed structured variables into image space: ro-

tation T,,x = Rotate(lo, 0y - X,gs)); brightness Tiyigne = Clamp(ly + Bk -
(s) _

Xk’ik“ka 0, 1); contrast Teontrast = Clamp(,u"' (1 +OékX;§S))(Io - M)a 0, 1); Gaus-

g
sian noise Tise = Iy + N (0, a%_yk(l + )\k|X,Ef)|)); and label association ¥ =
flabel(X,gs),e), € ~ N(0,0%). The final image combines these as I = Tk, o

-0 Tk, (IO,Xﬁ{Sl), 7X}(é)l) We design three pathway configurations—parallel
(I = ®pex Th(lo, X{)), serial (X{¥ = g;(X[V,¢;), I = Tj(Ip, X)), and
hybrid—simulating mediation structures of varying complexity. These transfor-
mations represent generic image variation mechanisms (geometric, photometric,
stochastic, and semantic) independent of any architectural assumption in MM-
SIGMA. The five transformation types were selected prior to any model design
decisions, drawn exclusively from domain-agnostic image variation literature 33|
covering geometric, photometric, stochastic, and semantic transformations. All
baselines are evaluated on identical synthetic datasets generated without refer-
ence to model architecture, precluding circularity between data generation and
model design.

4 Definitions, Notation, and Identification

We consider causal mediation analysis in multimodal observational data. Let A
denote the treatment variable, Y the outcome variable, X(5) = {X{s), vy Xc(l‘:)}

a set of structured variables, X () = {Xl(i), ...,Xlgi)} a set of image variables,
and C a set of covariates. Variables may be continuous, discrete, or mixed-
type. Let V = {4, Y} U X®) U X® U C be the full set of observed variables
and assume the underlying causal structure is a DAG G* = (V, FE), where
Pag-(V;) denotes the parent set of node V;. We assume that the true graph
G* satisfies the Causal Markov and Faithfulness assumptions. Due to the high-
dimensionality and heterogeneity of original multimodal data, we introduce a
latent representation space Z = {Zi,...,Z,} where p < ds + d;. Through an
encoding function fenc : (X(S),X(i)) — Z, heterogeneous data are mapped to
a unified latent space while preserving causal semantics. We adopt the Poten-
tial Outcomes Framework to define cross-modal causal mediation effects. Let
M®)(a) and M@ (a) be the potential structured and image mediator values
under treatment A = a, and Y(a,m(s),m(i)) the potential outcome if A = a,
M®) =m© and MO = m® . We focus on two cross-modal mediation effects
comparing treatment a to reference a*: (1) The Cross-Modal Natural Direct Ef-
fect (CM-NDE) is defined as CM-NDE(a, a*) = E[Y (a, M®) (a*), M) (a*)) —
Y (a*, M®)(a*), M¥(a*))]. (2) The Cross-Modal Natural Indirect Effect (CM-
NIE) is: CM-NIE(a, a*) = E[Y (a, M®) (a), M®) (a)) — Y (a, M) (a*), M@ (a*))].
Identifying cross-modal mediation effects from observational data requires sev-
eral key assumptions. We use 1L to denote conditional independence.
Consistency: if A = a/, then M) = M©)(a/) and M = M@ (a'); if A =d/,
M = m®) and M® = m@ then Y = Y(a’,m®) m®), for all relevant
treatment levels o’ € {a,a*}.
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Ignorability. For all relevant values (a, a*, m(®), m(*), the following hold surely:

(1) AL {Y(a*,m®,m), M (a), MD(a)} | C,

(i) {M©, MDY 1LV (a,m™' mPD) | A=a, C,

(iii) Y (a*, m®, m®) 1L {M©®(a), MD(a)} | C.

Positivity: For all a and ¢ in the support of A and C, the treatment propensity
score m(a|C) =Pr(A=a|C =c) € (c1,¢2) for some constants 0 < ¢; < cg < 1.
For structured mediators M (%), the conditional density given A and C' = c¢ is
bounded between [p1, p2] for some constants 0 < p; < py < oco. For image
mediators M (), Positivity is imposed on the latent representation Z(9) rather
than the raw image space, which is feasible given the compact support of the
variational posterior g,(Z(® | X®).

Theorem 1 (Nonparametric Identification of CM-NDE and CM-NIE).
Under Consistency, Ignorability, Positivity, and:

Y (a, m(s),m(i)) 1L m® | ZWO A=a,M®, C (Latent Sufficiency)

CM-NDE and CM-NIE are nonparametrically identified:

CM—NDE((Z, a*) :/A[Ly dF]VI(S)|a*,c dFZ(i)‘a*7chc (1)
CM-NIE(a,a") = /,uy(a,m(s),z(i),c) AFy ) gz dFe (2)
where Apy = py(a,m®, 2 ¢) — py(a®,m®, 2" ¢), AFy1() 700

AFy) 7@ are = () 20 a o

Remark 1 (Distinction from Classical Mediation Formula). Eqgs. (I)—(2) extend
Pearl [26] by replacing M (¥ with Z(* under Latent Sufficiency, and accommo-
dating cross-modal interactions via the joint mediator distribution F' M=), 700 -

5 Methodology

We propose Multimodal Structure-Informed Guided Mediation Analysis (MM-
SIGMA), a unified framework for cross-modal causal mediation analysis under
structural uncertainty. Given data over treatment, outcome, mediators, and con-
founders, MM-SIGMA employs a multimodal variational autoencoder to map
heterogeneous data to a causality-preserving latent space (Section 7 performs
probabilistic structure discovery via Flow-SEM to generate a posterior DAG
ensemble with interpretable latent-to-original variable mappings (Section ,
introduces CM-PSS to identify high-confidence cross-modal mediation pathways
(Section , and estimates pathway-specific effects via efficient influence func-
tions with Bayesian model averaging for uncertainty propagation (Section .
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5.1 Multimodal Variational Representation Learning

To model structural uncertainty in multimodal causal mediation analysis, MM-
SIGMA employs a multimodal variational autoencoder to learn unified latent
representations of heterogeneous data. The goal is to infer a posterior distribu-
tion P(Z|X (), X)) such that conditional dependencies among latent variables
accurately reflect causal mechanisms of original cross-modal variables.
Multimodal Encoder Architecture MM-SIGMA builds a variable-level en-
coder architecture with independent encoders per structured variable to main-
tain interpretability. For each X,gs) e X0 = {Xl(s), ...,Xéj)}, an independent
encoder maps to its latent counterpart:
2 = FLX )

enc,k
For image data X a CNN encoder maps to latent representation:

29 = [ (XD 0:)

The final latent space Z = {Zfs)7 ...,ZL({:), ZW} directly maps structured and
image variables with interpretable latent-to-original correspondence.
Causality-Preserving Latent Space Construction MM-SIGMA learns la-
tent representations via variational inference. The variational posterior for latent
variables is ¢,(Z| X, X@) = N(Z; pg, o31), where pig, 04 are neural network-
parameterized mean and variance functions. The variational objective function
combines reconstruction loss, KL divergence, and causal constraints:

»Ctotal = »Crecon - B['KL + )\causalﬁcausal + )\alignﬁalign

where Liccon = Eg,[logpe(X|Z)], LxL = KL[ge(Z|X)[|p(Z)], the causal con-
straint loss Lcausal penalizes violations of domain-grounded conditional indepen-
dencies in the latent space, and the cross-modal alignment loss Laiign achieves
alignment by maximizing mutual information between structured and image rep-
resentations. Model parameters are jointly trained through stochastic gradient
optimization. Upon completion of training, latent representations Z preserve
causal dependencies of original multimodal data. The causal constraint loss is
defined over a set K C V3 of conditional independence triplets (i, j, k), each
encoding Z; I Z; | Zj, constructed from two sources prior to model train-
ing without requiring knowledge of G*: (i) domain knowledge constraints from
established biomedical findings, and (ii) kernel-based conditional independence
tests on a held-out split, retaining triplets with p > 0.1 under Bonferroni cor-
rection: R
£causal = Z I(ZMZ] | Zk)
(i,9,k) e

where I(-;- | -) is the empirical conditional mutual information estimator. Resid-
ual structural uncertainty beyond K is propagated through the Flow-SEM pos-
terior P(Gz | Dz) (Section [5.2)). We establish the following guarantee:
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Proposition 1 (Causal Semantic Preservation). Let K be the set of con-
ditional independence triplets constructed as defined above. If L qusar = 0, then
the learned latent representations Z satisfy Z; 1L Z; | Zy, for all (i,7,k) € K. If
additionally IC forms a d-separating set of G*, the complete Markov structure of
G* is recovered in Z.

5.2 Latent Space Probabilistic Structure Discovery

MM-SIGMA employs Flow-SEM to infer P(Gz|Dz) encoding dependencies
among latent variables, where Gz = (Z, Ez) is the latent space DAG.
Flow-SEM in Latent Space Each latent variable Z; is modeled as a stochastic
function of its parents in a candidate DAG Gy:

Z; = fi(Pag,(Z:); ¢i) + 0i(Pag,(Zi); ¢:i) - Ui, Ui ~ N(0,1)

To enable differentiable structure learning, a continuous weight matrix Wy €
RP*P is introduced, where [Wp];; reflects the directed edge strength from Z; to
Z;. The log-likelihood of an observed latent sample Z() is:

P P
log P(ZD)|Wy, ) = Zlong(ul(»J)) - Zlogaz@
i=1 i=1

where ugj) = (ZZ-(J) - ugj))/o§J), with ,uz(]) = fi(PaGZ(Zi(]));@-) and UZ(]) =
oi(Pac, (2)): ).

Latent Structural Posterior and DAG Sampling Model parameters
(Wp, ) are optimized by minimizing a regularized loss:

1 =~ .
L(Wo,®;Dz) =~ D 4D 4 Xqagh(Wo) + af[Wel |1

Jj=1

where () = log P(ZU)|Wy, ®), h(Wy) = tr(exp(Wy@W;))—p enforces acyclicity,
and ||Wy||; encourages sparsity. To approximate the structural uncertainty over
DAGs, each element of Wy parameterizes an edge inclusion score p;; = o([Ws);i),
serving as a variational structural uncertainty score quantifying relative edge
confidence under the Flow-SEM likelihood. Candidate DAGs are sampled via
Bernoulli(p;;) with greedy cycle removal; the resulting sampling bias is bounded
by >, pikpr; and vanishes as A\gag — 00. Residual uncertainty is absorbed into
Vbetween of the BMA estimator (Section . Propositionprovides justification.

Proposition 2 (Consistency of Structural Uncertainty Scores). As-
sume (C1) Flow-SEM identifiability up to Markov equivalence; (C2) Adag =

O(y/logn/n); (C3) bounded in-degree max; |Pag«(Z;)| < dmax < 0. Then the
optimal scores p;; satisfy:

n

pij — P(Gij=1|Dz)| &0 and KL[g(G; Ws-)||P(G | D2)] :op(m).
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Latent-to-Original Variable Mapping MM-SIGMA establishes direct map-
ping mechanisms. For structured data latent variables, one-to-one mapping is
adopted: gbs(Z,is)) = X,gs); for image data latent variables: ¢;(Z()) = X(®). For
a latent space path ny : Z, — Z, — Z,, the corresponding original space cross-
modal path is: mx : ¢(Z,) = &(Zy) — $(Z.). This mapping mechanism ensures
that causal relationships identified in latent space accurately reflect causal mech-
anisms among original cross-modal variables.

Proposition 3 (Latent-to-Original Identifiability for Structured Vari-
ables). Under the encoder in Section where each structured variable X,gs)
5)

nex With output Z,gs), the mapping qbs(Z,(cs)) = X,gs)

is identifiable: causal relationships among {Z](CS)} correspond uniquely to causal

has a dedicated encoder fe(

relationships among {X,is)}. For image variables, the encoder fe(;)c maps X to
a summarizing representation Z ; causal relationships involving Z4) are inter-
preted as relationships involving the causally relevant features of X captured
by encoder, rather than a unique inversion of X @ itself.

5.3 Cross-Modal Mediation Pathway Identification

Given a posterior DAG ensemble {Gz }NPAG MM-SIGMA identifies cross-
modal mediation pathways via Cross-Modal Path Stability Score (CM-PSS).
Let 7z = (Zo — Z1 — -+ — Z) denote a directed path from treatment to
outcome node. CM-PSS is defined as:

1 Npac

CM-PSS(7rz) = I(rz C Gyzs)

valid —1

MM-SIGMA enumerates all simple directed paths from A to Y in each valid
DAG, retaining those above threshold 7 as high-confidence candidates: ITsiapie =
{mz|CM-PSS(7z) > 7}. Each stable latent path is mapped to an original-space
cross-modal path via mx = ¢(7z), yielding Heross-modal = {0(72)|7z € Hstable}
without requiring predefined pathway structures.

Remark 2 (Distinction from Edge Inclusion Probability). Unlike Edge Inclu-
sion Probability (EIP), which operates on individual edges, CM-PSS estimates
the marginal posterior probability of entire directed paths, capturing path-level
structural uncertainty across heterogeneous latent subspaces. It further inte-
grates the interpretable mapping ¢ for direct causal interpretation in the orig-
inal variable space, and is an unbiased consistent estimator of path posterior
inclusion probability .

Proposition 4 (I(;entiﬁcation Error under Approximate Latent Suffi-
ciency). Lete=I1(Y;X® | ZO A M®) C) and let B =sup|Y| < co. Then:

|ICM-NDE — CM-NDE| < Bv2e, |CM-NIE — CM-NIE| < Bv2e  (3)
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by Pinsker’s inequality applied to E[TV(P(Y | X®,...),P(Y | Z®,..))]. As
encoder capacity increases, € — 0 and both bounds vanish. In the HPP set-
ting, Y is a standardized cardiovascular risk score bounded in [0,1], and the 12
pre-extracted vessel indicators constitute a domain-validated sufficient statistic
for cardiovascular outcomes [38], providing empirical support that e is small in
practice.

5.4 Multimodal Effect Estimation and Uncertainty Propagation

Upon identifying the stable cross-modal mediation pathway set, MM-SIGMA
estimates pathway-specific CM-NDE and CM-NIE, accounting for multi-level
uncertainties: representation learning, structure discovery, pathway identifica-
tion, and effect estimation. This achieves end-to-end uncertainty propagation
through structure-specific nuisance estimation, extended efficient influence func-
tions, and Bayesian model averaging.

Structure-Guided Nuisance Estimation For each stable pathway 7wx €
I ross-modal; MM-SIGMA estimates nuisance functions 7y leveraging structure-
specific conditioning sets Pag, , () from supporting DAG Gz ,:

7s(A = a|C) = P(A = a|Pag, _(A))

mS(M(S)a M® |A,C) = I@)(M(S), M(i)|A, Pag, . (M(S), M(i)))
fiv,s(A, MO, M0, 0) = B[Y |4, M®), MO, Pag, (V)]

where 74 is the structure-specific propensity score, 1m; is the conditional medi-
ator distribution, and jiy s is the outcome regression. Neural networks fit these
via K-fold cross-fitting for bias reduction, yielding counterfactual predictions
ﬂgﬁ)(m M (a*)) for downstream EIF and plugin estimators.

Extended Efficient Influence Functions Given 7,, MM-SIGMA computes
single-DAG effects f,(mx) = [Cl\mES(ﬂx), CmES(WX)]T via a hybrid
strategy: extended influence functions for L(mx) = 3 (e, A - M — Y),
and plugin estimators for L(mx) > 3. All effects compare pre-specified exposure
a to reference a*. For binary A, levels are 1 and 0; for continuous A, a* = fis
and a =fia+k-64 (k=1), with fia, 64 from the first K-fold training set.
Extended Influence Function Estimation (L(7rx) = 3): For L(wx) = 3, the
estimand is the natural indirect effect under nested counterfactuals (Section
Theorem, where cross-world independence holds under the single-mediator Ig-
norability condition (iii). The point estimate 0, () is the sample mean of influ-
ence function scores ©;(Z;; s, Gz.5), i-€., és(ﬂ'x) = % Yo il Zisns, Gz,s). MM-
SIGMA extends influence functions in multimodal settings by constructing bias-
corrected counterfactual expectation estimates through integrating cross-modal
nuisance function components. These include cross-modal propensity scores,
mediator models, and outcome prediction functions. The single-DAG variance
V(0,(rx)) is estimated by 50 (i — )%, where ¢ = 0,(7x). Plugin Esti-
mation (L(mx) > 3): For longer paths, cross-world independence assumptions
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accumulate with each additional node, rendering nested counterfactual identi-
fication fragile. MM-SIGMA therefore adopts the interventional indirect effect
formulation [42], which requires only sequential ignorability and avoids cross-
world independence. The estimand is:

CM-NIE4(7x) = /uy(a,m,c) [dFMWC — dFM\a*,c} dF¢e

estimated via plug-in:
CM-NIE, (rx) =

> Aie
i=1

where AI(G%E = ﬂgf)(a, M(a)) — ﬂg/i)(m M (a*)). Its variance is calculated as:

3=

where A(C%ﬂ denotes individual-level counterfactual differences. End-to-End
Uncertainty Propagation To generate final mediation effect estimates that ac-
count for structural uncertainty, MM-SIGMA aggregates single-DAG estimates
0,(mx) and their variances V (,(mx)) across supporting DAGs via Bayesian
model averaging. Let Npa¢n be the number of DAGs supporting pathway mx. The

. . . . A Npath
Bayesian model averaged point estimate is fpnma (Tx) = L - o2t s (mx ), us-
path

ing uniform weights for each supporting DAG Gz . The total BMA variance is
computed via the law of total variance:

V(éBMA (WX)) = Vwithin + Vbetween

where Viithin = ﬁ Zi\’:"?h V(és(wx)) reflects estimation uncertainty for each
structure, and Vietween = ﬁ Zi\[:pi““ (05 (mx ) —0pma (Tx))? captures structural

uncertainty across structures. Confidence intervals are constructed using stan-

dard normal approximation: éBMA(’]T)() + zl_a/Q\/V(éBMA(WX)). This frame-
work propagates estimation (within-DAG) and structural (between-DAG) un-
certainty into final cross-modal mediation effect estimates, providing robust un-
certainty quantification for multimodal causal inference. Uniform weights are
adopted following the Bayesian model averaging literature under prior DAG un-
certainty [10]: when the structural posterior P(G | Dz) is approximated by the
variational distribution ¢(G; Wy), likelihood-based weights would require eval-
uating the marginal likelihood per DAG, which is intractable in the Flow-SEM
setting. The resulting additional variance is absorbed into Vbetween via the law
of total variance, preserving valid uncertainty propagation.

6 Experiment
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We generate multiple synthetic datasets to Table 1: Dataset Configuration.
comprehensively evaluate MM-SIGMA perfor-

Parameter Values
mance. Table [I] summarizes fuhe configuration d 10, 20, 50
parameters. Each configuration generates 10 Hxw 642, 1282
independent datasets with algorithms running ¢ h{i"rk -
oy n , 0K,
50 Monte Carlo repetitions. Hyperparameters Relationship Lin., Nonlin., Mixed
are optimized through grid search and 5-fold oo 0.1, 0.2, 0.5

cross-validation. All methods share the same  Crossmodal edges 25% 35%
multimodal encoder input layer, ensuring per- "Set to reflect cross-system as-
formance differences reflect algorithmic design Sociation proportions in multi-
rather than input representation; no existing modal biological networks [19]-
method handles cross-modal structure discovery and mediation estimation
jointly, necessitating the multimodal-adapted baselines described above.
Experimental Setup. Treatment A is the primary upstream sleep variable
(AHI for known pathways; sleep efficiency and arousal index for novel pathways)
and outcome Y is the cardiovascular endpoint (carotid IMT or composite CVD
risk score). Covariates C include age, sex, BMI, and smoking status [13},27].
Missing values are handled via MICE [5], with missingness rates below 8%.

6.1 Synthetic Multimodal Dataset Construction

Structure discovery is evaluated by adjacency F'l,q4;, orientation F'lg;, cross-
modal edge Flcm, and causal accuracy (AcCoausal = |Gpred N Giruel/|Giruel)-
Mediation analysis is evaluated by pathway recovery rate (PR = |Precovered N
Piruel/|Piruc|), CM-NDE/NIE bias, and 95% CI coverage rate.

6.2 Results

Table [2] shows that cross-modal Table 2: Cross-modal Structure Discovery. Re-
edge identification is harder than sults over 50 Monte Carlo runs.

intra-modal, with all methods Method Adj F1 OriFl  CM-Edge FI  Acc
3 MM-PC 0.342+£0.045 0.287+0.052  0.23440.067 0.156:£0.043
scoring lower on CM Edge Fl MM-NOTEARS ~ 0.389£0.038 0.3120.041 0.278£0.053 0.2010.037
than Adjacency F1. Multimodal  MM-ICALINGAM 0.3560.042 0.298:0.048 0.2510.059 0.178+0.041
R MM-DECI 0.412£0.035  0.34820.039  0.315£0.048  0.2670.033
adaptation outperforms concate- — ConcatNOTEARS 0.321:40047 0.256+0.054 0.203£0.068 0.142:0.045

. . Concat-DECI 0.34540.043  0.278+0.049  0.2254+0.061 0.168+0.042
nation based baselines (MM- = CousalMixNet  0367+0.041 0280-0.045 02630055 01594003

NOTEARS: +369% over COnCat— MM-SIGMA 0.487+0.028 0.421+0.032 0.398+0.035 0.345+0.029
NOTEARS), confirming the importance of preserving modal structure. Orienta-
tion identification remains difficult across all methods; even MM-DECI reaches
only 0.348 in Ori F1. MM-SIGMA achieves 0.421 (+21.0% over best baseline)
through end-to-end learning, with gains across all metrics despite absence of
ground-truth graph supervision.

Table [3] reveals differential impacts of data conditions and pathway com-
plexity. High-resolution images pose greater challenges than high-dimensional
structured data, and performance gains diminish from medium to large samples,
suggesting an information saturation point. MM-SIGMA exhibits only 15.4%
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Table 3: Pathway Recovery Rate under Different Conditions. Top: robustness across
data conditions. Bottom: identification performance by pathway type. S=Structured
variables, [=Image variables.

Condition / Pathway Type MM-SIGMA MM-DECI+EIF MM-NOTEARS+DeepMed CausalMixNet+ETF

Data Conditions

Small Sample 0.421+0.045  0.312+0.052 0.298+0.048 0.26740.051
Medium Sample 0.487+0.028  0.389+0.038 0.35610.041 0.32140.042
Large Sample 0.5124+0.022  0.431£0.029 0.398+0.035 0.362+0.038
High-dim Structured 0.468+0.031  0.36740.041 0.34240.044 0.298+0.047
High-res Images 0.453+0.033  0.348+0.043 0.32940.046 0.28510.049
Strong Noise 0.41240.038  0.298+0.045 0.276+0.048 0.245+0.052
Pathway Types

S—I-S 0.72+0.05 0.54+0.07 0.4940.08 0.46+0.09
I-S—S 0.68+0.06 0.5140.08 0.46+0.09 0.43+0.10
S—S—I 0.714+0.05 0.5340.07 0.48+0.08 0.45+0.09
S—I—-S—1 0.63+0.07 0.42+0.09 0.38+0.10 0.35+0.11
Multiple Parallel 0.69+0.06 0.48+0.08 0.43+0.09 0.40£0.10

Table 4: Validation Results on HPP Dataset. HRV=Heart Rate Variability,
PWV=Pulse Wave Velocity, IMT=Intima-Media Thickness, OSA=Obstructive Sleep
Apnea, CVD=Cardiovascular Disease, BP=Blood Pressure. tMethods require pre-
specified pathway structures and cannot discover cross-modal pathways.

MM-SIGMA MM-DECI+EIF  MM-NOTEARS+DecpMed  C: i EIF Logistic
Pathway Type  Pathway Description NDE NIE NDE NIE NDE NIE NDE NIE NDE NIE
Known Path HRV—PWV—Carotid IMT —0.089:£0.028 —0.156:£0.034 —0.0710.039 —0.118£0.018 —0.063=0.043 —0.107£0.055 —0.068+0.041 —0.1120.051 —0.067:0.045 —0.098£0.067
o e —Inflammation—>CVD Risk  —0.054£0.021 —0.0892£0.027 —0.0410.033 —0.068£0.042 —0.037£0.037 —~0.061%0.048 —0.039£0.035 —0.06420.045 —0.043::0.038 —0.071%0.051
Novel Paths Metabolism—CVD —0.045+0.019 —0.07: 5 N/A! N/A! N/A! N/A! N/A N/A! N/AY N/A
° ly Fat—BP—IMT —0.03240.015 —0.067+0.022  N/AT N/At N/AT N/At N/AT N/At N/AT N/AT

degradation under strong noise versus >25% for all baselines. Among path-
way types, single cross-modal transition pathways (S—I1—S, I+S—S, S—S—1)
perform similarly while multi-transition paths show significant degradation, in-
dicating cumulative identification difficulty per modal transition. MM-SIGMA
consistently outperforms all baselines across every condition and pathway type.

Table [5] highlights key differences between end-to-end and two-stage frame-
works. Two-stage methods exhibit “structure-effect inconsistency” MM-DECI
discovers structure well, but MM-DECI+EIF reaches only 0.64 pathway recov-
ery, suggesting loss in uncertainty propagation. MM-SIGMA achieves 0.9440.02
coverage, slightly below nominal 0.95 yet outperforming two-stage (0.89-0.90)
and predefined-pathway methods (0.85-0.88). This undercoverage is consistent
with finite-sample bias in plug-in variance estimation under structural uncer-
tainty, where Vbetween underestimates between-DAG dispersion when Npaen is
small, and aligns with the low NDE/NIE bias. Ablations show Lcausal drives
pathway recovery, while BMA is crucial for coverage; 7=0.5 yields the best over-
all balance.

6.3 HPP Real-world Data Validation

Validation on HPP dataset covers pathway replication and novel pathway dis-
covery (Table [4]).

Known Pathways. The sleep HRV—PWYV —carotid IMT pathway (CM-NDE:
—0.089+0.028, CM-NIE: —0.156+0.034, p<0.001) is consistent with [14]. The
OSA—inflammation—+CVD pathway (CM-NDE: —0.05440.021, CM-NIE:
—0.089+0.027, p<0.005) aligns with established mechanisms [13]27]. Effect
match with reference values was confirmed via one-sample t-tests (p<0.05).
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Table 5: End-to-end mediation analysis. p <
Methodological Compar- 0.01 vs. best baseline (paired t-test, 50 runs).
ison. MM-SIGMA ylelds Method Recov. NDE Bias NIE Bias Cov.

significantly — narrower  confi-  Full Model
) o MM-SIGMA ~ 0.74+0.04 0.01240.008 0.0150.009 0.94-0.02
dence intervals than logistic

Ablations
regression  (—0.1564+0.034  vS.  w/o Lewwsal 0.6120.06 0.031:0.014 0.034:0.015 0.90£0.03
_ W/0 Lalign 0.65£0.05 0.026:0.012 0.02940.013 0.91+0.03
0'098i0'067.) and outperforms w/o BMA 0.71£0.05 0.0180.010 0.02120.011 0.87£0.04
the best baseline MM-DECI+EIF  7-03 0.79:£0.05 0.0240.011 0.027+0.012 0.91::0.03
. 7=0.5 0.74:£0.04 0.0120.008 0.01520.009 0.94:£0.02
(—0.11840.048).  Baselines re- 7757 0.68:£0.05 0.015:0.009 0.018::0.010 0.93:£0.02

quiring pre-specified structures Two-stage Baselines
and logistic regression on im- MM-NOTEARS+

" DeepMed 0.612£0.06 0.045£0.021 0.041=£0.023 0.89£0.04
age modalities cannot handle MM-DECI‘EIF 0.6420.05 0.0390.019 0.037-0.020 0.90-:0.03
novel pathways, Conﬁrming Single-stage Baselines
, . MM-PC+

MM-SIGMA’s ability. Baron-Kenny ~ 0.42+0.08 0.087-£0.032 0.094-£0.038 0.82£0.06

~ _ MM-DeepMed  0.58+0.06 0.052+0.024 0.04840.026 0.88+0.04
quel Pat.hways. CM PSS fil MM-Lasso 0.512£0.07 0.061=£0.027 0.057+£0.028 0.86:£0.05
tering (Section 5.3) restricts infer-  MM-RF 0.54::0.08 0.068:0.030 0.063:0.031 0.85::0.06

ence to pathways with marginal

posterior inclusion probability > 7, providing multiplicity control analo-
gous to Bayesian variable selection [32]. Among retained pathways, the reti-
nal features—body fat—BP—carotid IMT pathway (CM-NIE: —0.067+0.022,
p<0.01) is consistent with established cross-modal links: retinal vessel mor-
phology is associated with adiposity measures [38], and body fat accumu-
lation is a known mediator of hypertension and arterial stiffness [21]. The
sleep—gut microbiome—metabolism—CVD pathway (CM-NIE: —0.078+0.025,
p<0.01) aligns with converging evidence that sleep disruption alters gut micro-
bial function through circadian dysregulation, producing metabolites such as
TMAO and SCFAs that elevate cardiometabolic risk [22}23]. These pathways
represent cross-modal mechanisms not discoverable by single-modality methods,
with stability confirmed via 5-fold cross-validation (CV < 0.12).

7 Related Work and Conclusion

Traditional mediation analysis methods [3,35] rely on linear assumptions and
single-modal data, while semiparametric extensions |30%/39] improve robustness
but remain confined to predefined pathway structures. Multimodal representa-
tion learning approaches |2}/29] optimize reconstruction objectives without causal
constraints, disrupting causal dependencies [4]. Recent causal discovery meth-
ods [46,[47] and multimodal causal models such as CausalMixNet [45] address
specific aspects of this problem but rely on pre-specified structures and do not
establish nonparametric identification theory for cross-modal mediation effects.

The proposed MM-SIGMA framework enables cross-modal causal media-
tion analysis through end-to-end learning. Results show superior performance
in cross-modal edge identification (F1: 0.398) and pathway recovery (0.74) com-
pared to existing methods. HPP dataset validation confirmed effectiveness in
replicating known pathways and discovering novel cross-modal mechanisms, pro-
viding valuable tools for precision medicine applications.
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