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Abstract—Data fusion deals with combining information from
multiple sensors to support decision making. In such settings,
machine learning methods, that principally only take correlation
into account, have been applied widely due to their strong predic-
tive and computational capabilities. In this paper, we investigate
potential benefits of introducing causal knowledge in machine
learning-based data fusion to address two common downstream
tasks, namely, quality prediction and root cause analysis (RCA).
To resemble the complex relationships typically associated with
sensor data, we create simulation data with explicit modeling
of latent confounding. The results of this study indicate that
taking into account true causal knowledge significantly improves
the performance of RCA, and leads to prediction models that
are more robust to severe distribution shifts in the presence of
latent confounding. Furthermore, if causal knowledge needs to be
inferred from observational data using existing causal discovery
methods, we propose a selection criterion to choose the best causal
structure. We show that given a sufficient amount of data, the
selected causal structure can be used as reliable input to solve
the downstream tasks.

Index Terms—data fusion, causal discovery, latent confound-
ing, quality prediction, root cause analysis (RCA)

I. INTRODUCTION

With the advent of Industry 4.0, the ability to use digitally
connected devices and sensors has enabled the collection of a
huge amount of data in manufacturing processes [1], providing
new opportunities for condition monitoring, optimization and
root cause analysis (RCA). To this end, multiple sensors are
used to monitor machines, components and the environment,
the signals of which need to be combined or fused to support
decision making [2]. The objective is usually to deploy as few
sensors as possible to minimize costs, leading to numerous
unmeasured quantities in manufacturing systems. Unmeasured
variables that are common causes of measured variables (a.k.a.
latent confounders) are known to cause spurious dependencies
in the data [3]. Due to the underlying physics, various sensor
signals are often related to each other in a convoluted manner,
posing a major challenge in sensor selection and refinement
of fusion strategies.

A simple example of this challenge is illustrated via the
directed acyclic graph (DAG) in Fig. 1. The true values of
three states Xi, Xo, and X3 are measured by three sensors

Fig. 1: Causal graph of a three-sensor scenario. White circles,
dark circles, and boxes represent measured variables, latent
confounders, and sensor measurements, respectively. All other
unmeasured causes of each measured variable X; are repre-
sented by an additional noise term N,. Each sensor is also
subject to a measurement error &; that is independent of the
measured variable Xj.

S1, S2, and S3, respectively. On the one hand, X;, Xo, and
X3 are associated due to direct causal relationships. On the
other hand, there is an unmeasured common cause L1, i.e., a
latent confounder, which has direct causal effects on measured
variables Xy and Xj3. It can be viewed as a causal graph in
the sense that the graph structure reflects the underlying cause-
and-effect relationships [4].

In this paper, we consider two typical manufacturing tasks,
namely quality prediction and RCA. Assume that X3 repre-
sents a variable that quantifies the quality state of a manu-
factured product (e.g., a geometric dimension), the accurate
measurement of which by sensor S3 is costly. The product’s
quality may be affected by other states X; and X5 measured
somewhere upstream in the production line. We define the
downstream tasks as follows:

1) Quality prediction: predict the quality state X3 based on
sensor measurements S; and Ss, to reduce the number
of costly measurements. This corresponds to a typical
soft sensor problem [5].

2) RCA: identify the root causes of anomalies at X3 based
on sensor readings from Sp, S, and Sj.

There has been a stream of research in manufacturing

attempting to address the aforementioned tasks in light of



causation [6]-[10]. In fact, having knowledge of causal re-
lationships rather than statistical associations enables a bet-
ter understanding of how variables interact with each other.
However, due to the complex nature of manufacturing, the
full causal knowledge is usually not available. One way of
inferring causal relationships among features of interest is to
apply causal discovery methods. The goal of causal discovery
is to establish an estimate of the underlying causal relation-
ships typically from purely observational data. The identified
causal relationships are usually represented in a DAG with
directed arrows from cause to effect. A common assumption
made in causal discovery is, however, the absence of latent
confounders, which is also known as causal sufficiency [11].

The aim of this paper is to evaluate the benefits of in-
troducing causal knowledge in machine learning-based data
fusion in complex manufacturing systems with the existence
of latent confounders. The following research questions will
be addressed in the evaluation study:

1) How do data fusion strategies derived from the true
causal knowledge affect the performance of quality
prediction and RCA?

2) Can causal relationships inferred by causal discovery
methods from purely observational data be used as
reliable input?

As shown later, our evaluation study is centered around the
three-sensor scenario in Fig. 1. The reasons are twofold: first,
we know the true causal relationships in such a simulation
scenario, while they are often unknown or costly to measure
in reality; and second, it is a simple representation of cases
where latent confounders can occur during data fusion in real-
world scenarios.

In the next section, we formalize the problem statement,
followed by the description of our methodology in Section III.
Finally, the results of our experiments and conclusions are
summarized in Sections IV and V, respectively.

II. PROBLEM STATEMENT

Notation: we use upper-case letters for vectors and bold
upper-case letters for matrices.

In causal discovery settings, data are assumed to be gener-
ated according to a functional causal model (FCM) [12], where
each variable is a function of its direct causes and a noise term
that represents an aggregate of all other unobserved causes.
Motivated by the fact that many concepts and phenomena in
causal analysis were first studied in linear FCMs [13] and
that the Gaussian distribution has convenient mathematical
properties and is usually backed by the central limit theorem,
we limit the scope of our study to linear Gaussian FCMs with
explicit modeling of latent confounders.

Consider a set of measured variables X € R™, latent
confounders L € RP, and noise variables N € R™, the data-
generating FCM can be written in a matrix form as

X=AX+BL+N (1)

=AX+ B I,]- Lf]] , 2)

where A € R™*™ represents the causal relationships among
the measured variables. Given a causal ordering of the mea-
sured variables, it could be permuted to strict lower triangu-
larity (lower triangular with all zeros on the diagonal) due to
the acyclicity assumption. B € R™*? represents the causal
effects from the latent confounders to the measured variables.
Each measured variable X; is additionally associated with
a corresponding noise variable N;, where ¢ € {1,...,m}.
I,, = diag(1,1,...,1) is an identity matrix of dimension
m representing the causal effect from the corresponding
noise variable to the measured variable. The noise variables
N = (Ny,...,N,,) and latent confounders L = (L4, ..., L,)
are assumed to be jointly independent and follow Gaussian
distributions. In the remainder of this paper, we refer to the
causal graph over {X, L, N} underlying the data-generating
FCM as the ground-truth DAG. The causal graph over X,
defined by the non-zero entries in matrix A, is referred to as
the visible DAG.

Taking additive sensor measurement errors £ € R™ into
account, sensor readings S € R™ can be formalized as

S=X+& 3)
—AX+BLLN+E, (4)
where &;, i € {1,...,m}, is an aggregate representing many

small, yet independent, sources of error and thus, by the
central limit theorem, can be considered at least approximately
Gaussian [14].

We introduce N and & for two reasons:

e To split the ground-truth sources of noise in sensor
measurements. This distinction is necessary because mea-
surement errors £ only affect sensor readings S and
should not propagate along the measured states X, while
noise terms N affect both [15].

e To conform to the formal definition of an FCM according
to [16], even if sensor measurement errors £ are reduced
to negligible values. Purely deterministic relationships
between the sensor readings S only exist if all noise terms
N are set to zero. We avoid determinism because it may
introduce extra conditional independence relations among
variables [11, Section 3.8], which can be problematic for
causal discovery methods that are based on conditional
independence tests.

Revisiting the three-sensor scenario in Fig. 1, the measured
variables X € R3 can be written as

L
X, X, Nll
Xo| =A|Xz| +[B I3 - Ny %)
X3 X3 N
0 0 0][xy 0 1 0 0 ]Lvl
=a2100X2+b2010N1,
0 az O] | X3 b3 0 0 1 Nj
(6)



where X is a direct cause of X; if and only if a;; # 0 and
L, is a direct cause of X; if and only if b; ## 0. For L, to be
a latent confounder, at least two entries in B are non-zero.

Causal discovery in the presence of measurement error aims
to infer causal relationships among the measured variables
given observational data on the sensor measurements [14].
For the sake of simplicity, we assume here that the sensor
measurement errors £ are negligible, which leads to S = X.
As a result, quality prediction boils down to predicting X3
based on X; and X5. Following the counterfactual RCA [17],
we identify the root causes of anomalies by quantifying the
contribution of each measured variable X7, X5, and X3 to
the outlier score at X3, which requires functional relationships
between variables in the form of an FCM. Due to the linear
setup, we approach both downstream tasks by estimating
functional relationships among the measured states X using
linear regression according to

X1 €11 €12 (13 X1 1
Xo| = |ca1 ca2 ca3| [Xo| + [12] , @)
X3 c31 c32 c33]| | X3 r3

=cC
where c¢;. and r; represent the linear regression coefficients
and residual for X;. Causal knowledge is injected in matrix C
by forcing c;; to be zero if X; is not a direct cause of X; in the
causal graph and estimating all non-zero entries using linear
regression. In addition, matrix C must be a hollow matrix
(diagonal elements are all equal to zero), as a variable cannot
be a predictor of itself.

The research questions proposed in Section I are therefore
broken down to:

1) Do the downstream tasks of quality prediction and
counterfactual RCA benefit from using the visible DAG
to estimate the FCM (ie., ¢;; # 0 if and only if
Q5 75 O)r’

2) How does it affect the downstream tasks if causal graphs
learned by causal discovery methods are imposed on
matrix C (i.e., ¢;; # 0 if and only if X is estimated to
be a direct cause of X;)?

III. METHODOLOGY

In order to answer the aforementioned research questions,
we implement an end-to-end pipeline from data generation,
causal discovery, FCM estimation to quality prediction and
counterfactual RCA, as shown in Fig. 2. Each step is explained
in this section.

A. Data Generation

The pipeline starts with the generation of synthetic data
using the data-generating FCM defined in (5). We strengthen,
weaken, or even deactivate the ground-truth causal relation-
ships among the measured variables X by modifying the non-
zero elements in matrix A. The effect of latent confounding on
X, and X3 is varied by controlling by and b3 in B. We describe
the ground-truth DAG and varied conditions in Section IV-A
in more detail.

B. Causal Discovery

Given the observational data generated from the previous
step, causal discovery methods are applied to identify the
causal structure among X. We use the structural Hamming
distance (SHD) to measure the distance between the learned
DAG and visible DAG. It is defined as the total number of edge
additions, deletions, or reversals that are required to transform
one graph into another.

Without additional assumptions on the functional form of
the FCM, the true causal structure can only be identified
up to the Markov equivalence class (MEC), namely a set of
DAGs that entail the same set of (conditional) independence
conditions. An MEC can be represented by a completed
partially directed acyclic graph (CPDAG), which is the union
graph of all DAGs in the equivalence class it represents. In
CPDAGs, an edge is oriented if all DAGs in the MEC contain
the edge in that direction. Otherwise, if there is uncertainty
about the direction, it is left undirected. When a CPDAG is
returned by a causal discovery method, the SHD is averaged
over all DAGs it represents.

Restricting the functional form of the data-generating pro-
cess allows us to distinguish the causal directions. It has been
shown that the true causal structure can be uniquely identified
from observational data by making further assumptions, such
as non-Gaussian noise for linear models [18], additive noise
for non-linear models [19], and post-nonlinear models [20].
Linear Gaussian models as in our setup are in general not
identifiable from the joint distribution, unless the noise terms
have equal variances [21], which is not fulfilled due to the
presence of latent confounding. We exclude those FCM-based
methods from the present study and choose PC, GES, and
GOLEM as representatives of constraint-based, score-based,
and gradient-based methods, respectively.

1) PC [11]: The PC algorithm begins with a complete
undirected graph and iteratively deletes edges by testing condi-
tional independence involving conditioning sets of increasing
cardinality. Then, the second phase of the PC algorithm orients
v-structures by re-using the conditional independences found
in the first phase. Additional orientations can be inferred via
the Meek orientation rules [22].

2) GES [23]: GES is a well-known two-phase procedure
that performs a greedy search over the space of equivalence
classes to find the graph that optimizes the Bayesian infor-
mation criterion (BIC). In the first phase, it starts with an
empty graph and greedily adds edges until a local maximum
is reached; in the second stage, edges are greedily removed.
The algorithm terminates once a local maximum is reached in
the second phase.

3) GOLEM [24]: GOLEM is developed upon NOTEARS
[25], formulating the structure learning problem as an opti-
mization task using the log-likelihood objective instead of least
squares to learn the weighted adjacency matrix representing
the DAG. In particular, GOLEM optimizes within a continuous
search space over DAGs rather than a discrete one as in PC
and GES.
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Fig. 2: End-to-end pipeline from data generation, causal discovery, FCM estimation to downstream tasks. The benefits of causal
knowledge in quality prediction and RCA are evaluated via FCMs with three distinct levels of causal knowledge.

C. FCM Estimation

Due to the linear setup, linear regression is used to estimate
the functional relationships between measured variables X,
resulting in (7). More specifically, given a specific causal
structure over X, a linear regression model is trained for each
dependent node in the graph using its parents as predictors. If
a variable is represented as a node without any incoming edges
in the graph, solving linear regression is reduced to calculating
the constant term in the equation, which is estimated by using
the mean in the training data.

To assess to what extent having causal knowledge helps
solve the downstream tasks, FCMs with distinct levels of
causal knowledge are learned. The first level resembles a
black-box machine learning model without any causal infor-
mation, representing a fusion strategy that takes into account
all available information. This level is referred to as black-box
in the following. The second level corresponds to utilizing the
inferred causal knowledge from data using causal discovery
methods. The third level uses the visible DAG to estimate the
FCM and is referred to as ground-truth causal.

Following the best practice of data splitting in machine
learning, we split the observational data used in causal discov-
ery into training and validation data. Training data are used to
estimate the FCM. If a causal discovery method is only able
to recover up to the MEC, validation data are used to choose
the DAG which leads to the most accurate causal FCM. More
specifically, we estimate a causal FCM for each member in
the MEC and compare the accuracy by averaging the mean
squared error (MSE) over all nodes on validation data. We
show in Section I'V-B that the selected DAG is always the one
closest to the visible DAG in every evaluated case.

D. Quality Prediction

Given every estimated FCM in the form of (7), the quality
state X3 is predicted as c31 X1 + c32Xs + 3. We compare
the performance of FCMs learned with the described levels of
causal knowledge on independent and identically distributed
(i.i.d.) test data using the MSE of X3. In addition, we generate
out-of-distribution (OOD) test data with distribution shifts to
showcase the robustness of the ground-truth causal FCM in
the presence of latent confounding, compared to the black-
box FCM without any causal insights.

E. RCA

The same set of i.i.d. test data are used to conduct RCA.
Counterfactual RCA quantifies the contribution of each vari-
able to the target outlier score by asking the counterfactual
question: would the event not have been an outlier had we
assigned rather “normal” causal mechanisms at the node
instead of the existing causal mechanism associated with the
outlier. To get counterfactuals, an FCM describing functional
relationships between variables is required. We follow the
work by Budhathoki et al. [17] and calculate the RCA scores
for X1, X9 and X3 by randomizing the causal mechanism
(essentially the associated noise term) at each node and
measuring the contribution of each noise term to the anomaly
at X3 using Shapley values [26] from cooperative game theory.
RCA results calculated from the data-generating FCM serve as
the ground-truth. RCA is done instance-wise for each sample
in the test data. We use the root mean squared error (RMSE)
between the predicted RCA scores and the ground-truth RCA
scores averaged over X;, X5, and X3 across all samples to
measure the ability of FCMs with distinct levels of causal
knowledge to solve RCA.
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(b) Dependent confounding

Fig. 3: Ground-truth DAGs underlying the data-generating
FCMs. We differentiate between two cases based on whether
X5 is a direct cause of X3 or not.

IV. EXPERIMENTS

A. Experimental Setup

We consider two different cases of latent confounding based
on whether the confounded variables are directly dependent
or not. Fig. 3a presents a DAG where the ground-truth causal
relationship between X5 and X3 is eliminated by setting ase
to 0 in (6). We refer to it as independent confounding. In this
case, causal discovery methods tend to draw a false positive
edge between X5 and X3 due to observed correlation in the
data. In the case where X5 is a direct cause of X3, referred
to as dependent confounding, as shown in Fig. 3b, a common
mistake is to infer an edge between X; and X3.

We generate data under controlled conditions of latent
confounding by setting all non-zero entries in matrix A to
1 and varying the values of by and b3 according to

'x;7 Jo o o] [X;] [o 1 0 0] ]LVl
X2:100X2+b2010N1(8)
X 0 0 0| |X; b3 0 0 1 2
L34 L I Tt N 4 Vs ]
o o e o - [L4]
X 0 0 o] [x; 0 10 0] |y
X2:100X2+b2010N1(9)
X3 0 1 0] [X3 bg,001N2

for independent confounding (8) and dependent confounding
(9), respectively. Here, latent confounder L; and noise vari-
ables N1, Ny and N3 are jointly independent and follow a
standard Gaussian distribution. Assuming that the strength
of latent confounding is less prominent than direct causal
relationships among measured variables, we generate 100
combinations of by and b3 over a unit square grid, where
both b, and b3 range from O to 1. For each data-generating
FCM using a specific combination of b, and b3, we sample
observational data of different sizes 100, 1,000 and 3,000 to
further study the impact of sample size. The observational data
is split into a 80 : 20 ratio for training and validation during the
step of FCM estimation. We generate i.i.d. test data consisting
of 300 samples for the downstream tasks. To compare the
robustness of prediction models to distribution shifts in the
presence of latent confounding, we create additional OOD test
data by varying as1, i.e., the weight of the edge between X3
and X5, while setting by = b3 € {0,0.5,1}.

B. Results

1) Causal FCM: Before investigating the results of down-
stream tasks, it is important to know what causal structures
are learned by standard causal discovery methods under varied
conditions of latent confounding, and which DAGs are selected
among those structures to learn causal FCMs.

The first column in Fig. 4 presents the estimated causal
structures using causal discovery methods in the case of
independent confounding (top) and dependent confounding
(bottom). It is a clear trend that the performance of all causal
discovery methods drops with an increasing effect of latent
confounding, i.e., increasing values of by and bs. Since PC
and GES are only able to recover a DAG up to its MEC,
CPDAGs are returned for both methods. In special cases, the
estimated CPDAG represents a single DAG when there is only
one DAG in the MEC it represents, e.g., ID 4 and 7 in Fig.
4a and ID 3 in Fig. 4d. A further inspect of the estimated
causal structures reveals that PC and GES give consistent and
stable results—predicting the false positive edge between X5
and X3 in the case of independent confounding and between
X1 and X3 in the case of dependent confounding. In contrast,
GOLEM gives less stable results and tends to wrongly infer
the directions of true positive edges before gradually picking
up false positive edges when the effect of latent confounding
increases.

The DAGs selected to estimate the causal FCMs are shown
in the second column of Fig. 4. By comparing them to the
estimated causal structures shown in the first column, it can be
seen that when a CPDAG with undirected edge(s) is estimated
by PC and GES, e.g., ID 1 in Fig. 4a and ID 4 and 8 in
Fig. 4f, our selection criterion is able to select the DAG in
which the undirected edge(s) is oriented in such a way that
the resulting DAG has the least SHD to the visible DAG. As
a result, causal FCMs are estimated using the optimum DAGs
inferred by causal discovery methods.

It should be mentioned that repeating the simulations
with different random seeds leads to minor variations in the
learned graphs in the border region between the correctly
inferred causal structure and the incorrect causal structure.
Such variations are expected due to the slight deviations in the
joint distributions of observational data with limited sample
sizes. While the fuzziness of the border region increases
with decreasing sample size, the general behavior described
previously remains the same.

2) Quality Prediction: In Fig. 5, we show the prediction
performance of FCMs with distinct levels of causal knowledge
on i.i.d. test data. We observe that the prediction quality drops
with an increasing bs, as the effect of latent confounder L,
on the target X3 is unobserved and cannot be learned by any
prediction models. An improvement in prediction quality is
commonly observed with an increasing amount of training
data.

To assess if it is beneficial to take into account the true
causal knowledge during quality prediction, we first compare
the performance between the black-box FCM and ground-truth
causal FCM. Without leveraging any causal information, the
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(f) Unique causal structures (DC)

A further investigation into the performance of causal FCMs
in Fig. 5 reveals that in the case of independent confounding,

also be made in Fig. 6b, where the ground-truth causal model
is more robust to severe distribution shifts in the presence of
PC and GES produce the same results as the ground-truth

latent confounding.
causal FCM, while the performance of GOLEM is comparable

stable when the effect of latent confounding is stronger, while
the ground-truth causal model is always stable, as it does not
rely on the value of X to predict X3. A similar conclusion can
to that of the black-box FCM. This observation is consistent
with the DAGs underlying the causal FCMs shown in Fig.
represent X3 as a node without any incoming edges, while

independent confounding, the black-box model becomes less

(e) Selected DAGs (DC)

especially when both b, and b3 are large. It can be
explained by the ability of the black-box model to capture

s

(d) Estimated causal structures (DC)
the y-axis in the case of independent confounding (IC) and dependent confounding (DC). The three rows in (a), (b), (d), and

(e) from top to bottom correspond to the causal structures obtained from observational data of size 100, 1000, and 3000,
respectively. Unique causal structures are assigned unique IDs and sorted according to the SHD in the ascending order. The

DAG with ID 0 corresponds to the visible DAG in each case. The numbers in (a) and (b) coincide with the IDs in (c). Same

holds for (d) and (e) with respect to (f).
shifts in OOD test data caused by a shifted relationship GOLEM tend to infer X; and/or X as direct causes of

the pattern learned from such spurious correlation caused by  4b—the selected DAGs for PC and GES always correctly
between X and X, as we demonstrate in Fig. 6. In the case of X, when the effect of latent confounding increases. In the

Fig. 4: Inferred causal knowledge under varied conditions of latent confounding controlled by bs on the x-axis and bs on
latent confounding does not generalize well to distribution

confounding. We observe that in the latter case, the ground-
truth causal FCM and black-box FCM achieves comparable
results, regardless of the effect of latent confounding (see Fig.
5b). In the case of independent confounding, as shown in Fig.
S5a, the black-box model outperforms the ground-truth causal
the correlation between X5 and X3 when the effect of latent
confounding is stronger and thus predict X3 better. However,

leverages the mean of X3 in the training data in the case of
independent confounding, and X5, in the case of dependent

black-box prediction model always takes X; and X, as input
to predict the value of X3, while the ground-truth causal model

model
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Fig. 5: MSE of prediction models on i.i.d. test data when there
is (a) independent confounding and (b) dependent confound-
ing.
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Fig. 6: MSE of the ground-truth causal model and the black-
box model on OOD test data under different strengths of latent
confounding. The results are averaged over 100 runs. In each
run, both models are trained on 1,000 samples with as; =
1 and evaluated on OOD data consisting of 1,000 samples
generated from shifted as;.

case of dependent confounding, all three methods are able to
achieve comparable performance to that of the ground-truth
causal FCM most of the time, with the exception being the
scenario when the size of observational data is small, leading
to wrongly inferred causal structures where X3 is estimated
not to have direct causes, as shown in Fig. 4e. It calls for
caution when applying inferred causal relationships if the
amount of training data is limited.

3) RCA: In Fig. 7, we show the performance of FCMs
with distinct levels of causal knowledge in identifying the
root causes of the anomaly at the quality state X3. Similarly,
we first compare the performance of the black-box FCM and
ground-truth causal FCM. In both cases of latent confounding,
utilizing the true causal knowledge significantly improves the
RCA results. When X5 is not a direct cause of X3, Fig. 7a
indicates that the ground-truth causal FCM is able to learn the
RCA scores correctly despite the effect of latent confounding.
Its underlying causal structure (i.e., the visible DAG) enables
it to correctly attribute the anomaly at X3 completely to
itself (essentially the noise it receives), as there is no causal
information flow from X; and X5 to Xj3. In contrast, the
RCA scores predicted by the black-box FCM deviate a lot
from the ground-truth RCA scores, because X; and X, are
also considered as potential root causes of the anomaly. When
X, is a direct cause of X3, Fig. 7b shows that the RCA
scores predicted by the ground-truth causal FCM are no longer
error-free, as the existence of the latent confounder makes
the estimation of the functional relationship between X, and
X3 biased. Nevertheless, the ground-truth causal FCM still
outperforms the black-box FCM by a large margin.

To analyze the reliability of inferred causal knowledge in
solving RCA, the performance of the estimated causal FCMs
and ground-truth causal FCM is compared. In the case of
independent confounding, the causal FCMs estimated by the
PC and GES algorithms achieve the same performance as
the ground-truth causal FCM, while GOLEM leads to slightly
worse RCA results when the effect of latent confounding is
strong. This observation is again consistent with the DAGs
underlying the causal FCMs shown in Fig. 4c — PC and
GES only attribute the anomaly at X3 to the noise on X3
while GOLEM tends to attribute it to the noise on X; and/or
X, when the effect of latent confounding is strong. Fig.
7b indicates that the task of RCA is very sensitive to the
underlying causal structures. Models assuming wrong causal
relationships could harm the performance of RCA to a large
extent. Nevertheless, given enough training data, using inferred
causal knowledge in both cases of latent confounding improves
the performance of RCA, in comparison to not using causal
knowledge at all.

V. CONCLUSIONS

The aim of the current study was to evaluate the benefits of
using causal knowledge in machine learning-based data fusion
to solve two typical manufacturing tasks, namely quality
prediction and RCA. We conducted the evaluation in an end-
to-end fashion from data generation, causal discovery, FCM
estimation to downstream tasks. The results revealed that using
true causal knowledge can prevent prediction models from
learning spurious correlations caused by latent confounding,
and thus make them more robust to severe distribution shifts
in the data. Moreover, RCA benefits significantly from using
causal knowledge during data modelling. Although the pres-
ence of latent confounding makes it challenging for causal
discovery methods to infer the correct causal structure, we
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Fig. 7: RMSE of RCA scores calculated using FCMs with dis-
tinct levels of causal knowledge when there is (a) independent
confounding and (b) dependent confounding.

showed that the selected DAGs according to the proposed
selection criterion can be used as reliable input to solve
downstream tasks when the amount of data is sufficient. A
limitation of this study is that only three sensors are consid-
ered. However, we believe that having this simple scenario
is necessary to ensure the interpretability of the results and
we compensated the limitation by studying varied conditions
of latent confounding in two different cases: independent
confounding and dependent confounding. The findings in this
study are subject to linear Gaussian systems without sensor
measurement errors. A natural progression of this work is to
include sensor measurement errors in the end-to-end pipeline
described here. Another possible direction for future research
is to evaluate the benefits of causal knowledge in non-linear
and/or non-Gaussian systems. Moreover, it would also be
interesting to repeat the study in larger simulation models, and
eventually on real scenarios, to investigate the generalizability
of the findings.
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