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Abstract

We address the problem of estimating causal effects from observational data in the presence of network confounding, a set-
ting where both treatment assignment and observed outcomes of individuals may be influenced by their neighbors within
a network structure, resulting in network interference. Traditional causal inference methods often fail to account for these
dependencies, leading to biased estimates. To tackle this challenge, we introduce a novel matching-based approach that uti-
lizes principles from hyperdimensional computing to effectively encode and incorporate structural network information. This
enables more accurate identification of comparable individuals, thereby improving the reliability of causal effect estimates.
Through extensive empirical evaluation on multiple benchmark datasets, we demonstrate that our method either outperforms
or performs on par with existing state-of-the-art approaches, including several recent deep learning-based models that are
significantly more computationally intensive. In addition to its strong empirical performance, our method offers substantial
practical advantages, achieving nearly an order-of-magnitude reduction in runtime without compromising accuracy, making
it particularly well-suited for large-scale or time-sensitive applications.

Keywords Causal inference - Network data - Hyperdimensional computing - Low-latency inference

1 Introduction

Many techniques have been proposed to estimate causal
effects given observational data (Shalit et al. 2017; Shi et al.
2019; Johansson et al. 2016; Clivio et al. 2022; Stuart 2010)
(for additional context and a concise overview, please refer
to Igelstrom et al. (2022), Pearl (2000) and Neal (2020)).
Despite the effectiveness of such techniques, only a hand-
ful of approaches consider the problem setting in which
individuals are connected in a network structure (Guo et al.
2020b, a, c; Veitch et al. 2019). We focus on the problem of
estimating individual treatment effects (ITEs) in this setting.
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Networked observational data presents an unique oppor-
tunity to enhance our understanding of ITEs and plays a piv-
otal role for informed decision-making in various domains.
For example, considering a city or country suffering from
an outbreak of a contagious disease. Social connections
between individual can be represented as a network, and
causal inference becomes crucial in discovering the work-
ing of disease transmission. Understanding the biological
processes, immune responses, and social interactions within
the network sheds light on disease dynamics, as described in
Taie and Kadry (2017). Through causal inference, we seek
to understand the latent characteristics of disease transmis-
sion by identifying significant nodes (individuals) and their
network connections. This understanding is crucial for cre-
ating tailored intervention strategies, such as vaccination or
isolation, in order to disrupt causal pathways and mitigate
the spread of the disease within the network. In this example,
ignoring the network information in estimating causal effects
introduces confounding bias. Incorporating additional infor-
mation—in this case, social network structure—can avoid
unobserved confounding, as described in existing work Guo
et al. (2020a, 2020c, 2020b); Veitch et al. (2019).
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Traditional approaches to causal effect estimation rely
on straightforward and efficient techniques such as match-
ing (Stuart 2010). Recently, advanced techniques based on
deep learning have become popular due to their ability to
learn complex representations from data. However, deep
learning techniques are computationally expensive, include
many tunable hyperparameters, and require a large amount
of training data to be effective (Thompson et al. 2021).

Recently, Hyperdimensional (HD) Computing (Kanerva
1992, 2009) has emerged as a promising alternative to deep
learning. HD computing does not require iterative optimi-
zation for training and instead relies on simple, fast, opera-
tions in a high-dimensional space. Data is represented using
hyperdimensional, bipolar vectors in { —1, 1}”, or as multi-bit
vectors, where the dimensionality is typically § = 10, 000.

In this work, we propose C-HDNet: a Causal HD comput-
ing technique for effect estimation given Network observa-
tional data. To the best of our knowledge, this is among the
first approaches that leverage Hyperdimensional Computing
for causal inference in settings where both individual-level
features and the neighbors of an individual in a network
contribute to confounding when estimating the causal effect.
The key novelty of C-HDNet lies in its design and algo-
rithm: its ability to encode network relationships and indi-
vidual covariates into HD vectors, which can then be used
to estimate the true causal effect. The primary advantage
of our approach over existing methods is that it requires no
iterative optimization and operates as a one-pass learning
algorithm—i.e., it involves computing specific steps with-
out the need for repetitive training, distinguishing it from
deep learning approaches. Hence, it is compute-friendly and
provides fast inference while remaining competitive with
state-of-the-art models, as demonstrated by our extensive
experiments.

The remainder of the paper is organized as follows. Sec-
tion 2, provides background information on causal infer-
ence and HD computing. Section 3 provides precise problem
formulation. Section 4 describes our proposed algorithm.
Section 5 presents results of experiments that compare our
algorithm against state-of-the-art baselines. Finally, Sect. 6
concludes the paper.

2 Background
2.1 Causal inference framework

The frameworks developed by Rubin (2005) and Pearl
(2000) offering distinct yet complementary foundations for
causal modeling and causal effect estimation. Rubin’s frame-
work focuses on counterfactual reasoning to estimate causal
effects while Pearl’s causal Bayesian networks and DAGs
provide a graphical and algorithmic framework for causal
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inference. Both frameworks have significantly advanced our
ability to infer causal relationships from observational data,
each offering complementary tools and insights to address
different aspects of the causal inference problem.

In this work we follow Rubin’s potential outcomes frame-
work. We let T; denote the treatment assignment for indi-
vidual i. We assume treatments are binary: 7; can take values
T = 1orT = 0, but not both. Therefore, calculating the effect
of treatment on an individual i requires comparing the out-
come under treatment Y7 =" with the control outcome YiTZO,
of which only one of is observed in the data. We call the
observed outcome the factual outcome, and the unobserved
outcome the counterfactual outcome. The Individual Treat-
ment Effect (ITE) for individual i is defined as:

ITE, = Y/=' — y/=".

The Average Treatment Effect (ATE) is defined as the expec-
tation over individual treatment effects.

ATE = E[Y"™" - Y= = E[Y"~'] - E[Y"™L.

Randomized Control Trials (RCTs) are the gold standard for
estimating causal effects. Random assignment ensures that
all variables, known and unknown, are equally distributed
between the groups in expectation. This setup simplifies the
calculation of the Average Treatment Effect (ATE). Unlike
observational studies where differences in outcomes between
treated and untreated groups might be confounded by other
factors, in an RCT, the ATE is essentially the expected dif-
ference between the observed outcomes of the treatment and
control groups. Therefore, in RCT, estimating the causal
effect of treatment reduces to assessing the association
between treatment and outcome.

However, RCT are not always feasible due to their high
cost or ethical concerns. Hence, there is much interest in
methods for reliably estimating causal effects from observa-
tional data. The following assumptions suffice for estimat-
ing causal effects from observational data (Rosenbaum and
Rubin 1983; Cox 1958; Rubin 1980):

1. Ignorability, which implies that the treatment assign-
ment T is independent of the potential outcomes ¥7=°
and YT=! given the covariates X. This means that
Y= y"=h L TIX =x.

2. Positivity/Overlap, indicating that the propensity scores
should be between O and 1,i.e., 0 < PT =1|1X=x)< 1
for all values x of the covariates X.

3. Non-interference, Y(T,, ---,T;) = Y,(T;), implying that
the outcome of any individual is unaffected by the treat-
ment of all other individuals.

4. Consistency, for all ¢, if T; = ¢, then Y;(t) = Y;, ensur-
ing that the observed effect of the assigned treatment
is equal to the potential outcome of that treatment and
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is necessary for estimating causal effects from observa-
tional data.

Under these conditions, it can be shown that:
ATE = Ex[E[Y|T =1, X =x] - E[Y|T = 0,X =x]].

To estimate causal effects, one must account for potential
confounding due to covariates through covariate adjust-
ment. One of the simplest techniques for adjusting covari-
ates is matching, where the goal is to find a nearly identi-
cal “twin” for each individual with the opposite treatment
status. Numerous matching techniques have been proposed,
based on nearest neighbors, propensity scores (Rubin and
Thomas 1996; King and Nielsen 2019) and balancing scores
(Rosenbaum and Rubin 1983). A comprehensive overview
of matching techniques can be found in Stuart (2010).
Recently, there has been growing interest in deep neural
networks for covariate adjustment due to their predictive
power. Techniques such as CFRnet (Johansson et al. 2016)
learn latent representations for the covariates, minimizing
the distributional differences between control and treatment
populations. Dragonnet (Shi et al. 2019) leverages Rubin’s
lemma (Rubin and Thomas 1996) and makes use of pro-
pensity scores with targeted regularization, while borrowing
concepts from Shalit et al. (2017) and Chernozhukov et al.
(2018). These methods aim to mitigate confounding bias
within the original covariates when under binary treatments.
Overall, the above covariate adjustment techniques rely
on estimating the outcome using conditional outcome mod-
eling estimators, i.e., fi(x,1) ® E[Y |T =1,X =x] and
A(x,0) = E[Y | T = 0,X = x]. The estimator j can range
from a simple model such as Nearest Neighbors regressor
to a more complex model such as a deep neural network.

2.2 Hyperdimensional computing

Hyperdimensional Computing (Kanerva 1992, 2009; Neu-
bert et al. 2019), offers an attractive alternative to deep
learning methods. It represents features as extremely high-
dimensional binary or bipolar vectors—often around 10,000
dimensions—on which simple element wise operations are
performed for tasks including learning and inference. Unlike
deep learning, which relies on iterative minimization of a
loss function, HD computing follows predefined steps to
map data in a single pass to to a high-dimensional space.
In this work, we employ either transformed/hashed or ran-
domly generated bipolar hyperdimensional vectors, denoted
as {—1, 1} with f = 10,000. A collection of such vectors
is subsequently used and transformed through hyperdimen-
sional operations to produce multi-bit representations used for

downstream inference. To measure similarity between hyper-
vectors, we use a distance metric dy;: for bipolar vectors, this
is typically the Hamming distance; for multi-bit hypervectors,
the L2 distance is used. In both cases, cosine similarity may
also serve as an alternative similarity measure.

A key property of randomly generated bipolar hypervec-
tors is their near-orthogonality: the similarity between any
two such vectors, a and b, is dj,(a, b) ~ 0.5 with high prob-
ability. This orthogonality, along with the way HD computing
distributes information across all dimensions through vector
operations, makes hyperdimensional computing an appealing
framework for machine learning (Kanerva 1992). Its inher-
ent robustness to noise and support for content-based retrieval
offer advantages over traditional deep learning approaches
(Neubert et al. 2019). In our study, we make use of the follow-
ing HD computing operations:

e Binding ®: is dimension-wise multiplication operation
between HD vectors. The resulting vector is dissimilar
from the original inputs. For example, given two randomly
sampled bipolar vectors a and b, if we computec = a ® b,
then the distances between the result and the original vec-
tors satisfy dy,(¢c,a) =~ 0.5 and d;,(c,b) = 0.5, indicating
dissimilarity/orthogonal nature for the Binding operation.

e Bundling @: is a dimension-wise operation between
HD vectors that performs addition across correspond-
ing dimensions. Bundling ensures that the resulting
vector, derived from sampled HD vectors within a set,
is similar to all the sampled vectors while being dis-
similar to non-sampled HD vectors. Further, Bun-
dling is both associative and commutative, meaning:
a®d(bdc)=(adb)dc=(cda)db. Bundling
is often used as an aggregate representation of a set of
hyper vectors. In some literature, Bundling is performed
as signed addition, while in this work we use dimension-
wise addition, following the approach used by Kang et al.
(2022).

Combining Bundling and Binding enables concise repre-
sentations of data with complex features. For instance, con-
sider a dataset containing information about people. Con-
sider one individual “Alice”, who is of age 25, height of
170, and weight of 120. Alice’s features can be represented
using an information-preserving hypervector as follows:
Aliceyy, = (Ageyy ® 25,,) @ (Heighty, & 170y,) @ (Weight,

® 120yy). The other individuals in the dataset can be
encoded in a similar manner. For a more in-depth overview
please refer to Kanerva (2009) and Neubert et al. (2019).

@ Springer
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3 Problem statement

We are given a dataset with N individuals, with each indi-
viduali € {1, ..., N} represented by a d-dimensional feature
vector x; € RY. We assume treatments are binary: T7; € {0, 1}
denotes the observed treatment, and r" e r denotes the cor-
responding observed (factual) outcome for individual i. We
use A to denote the adjacency matrix of the network, which
represents connections between individuals. We assume that
the network is undirected and that all edges are unweighted,
ie,A;=A;and A € {0, 1}V*V,

In this work, we assume that the treatment assignment
and outcomes for individual i are causally influenced by
NE(i), which represents the k-hop neighbors of node i. In
this setting, some of the assumptions listed in Sect. 2 are
violated:

e Violation of the Non-interference Assumption:
Y(T,,...T,...Ty) # Y(T)

e Violation of the Conditional Ignoribility Assumption:
Y,(0), Yi(1) L Tilx;

Given that we assume an individual’s treatment assignment
and outcomes are causally influenced by x; and NG, we
posit the existence of a latent variable Z acting as a con-
founder. This latent variable serves as a proxy for both the
individual covariates X and the network structure A. Condi-
tioning on Z mitigates the confounding effects of treatment
T on outcome Y.

Therefore, data

given observational

N
D= <{(x,~, T, Yl,(T’))} ,A), our objective is to represent
i=1

i=

the latent variable Z = f(X, A) as function of individual fea-
tures X and network connections A. This ensures that the
condition Y, Y L T; | z;or YV, ¥¥ 1L T; | (x,, N*(0))is
satisfied Vi € {1 --- N}, enabling unbiased estimation of indi-
vidual treatment effects. Refer to Fig. 1 for a causal diagram
illustrating this problem setting.

4 C-HDNet

Conventional covariate adjustment techniques—which con-
dition only on X—are inadequate for our problem setting as
they fail to address confounding from Z. Techniques pro-
posed by Guo et al. (2020b, 2020a, 2020c) address this issue
by modeling the latent variable Z, which serves as a proxy
for both X and A, using Graph Neural Networks (Kipf and
Welling 2017; Veli¢kovi¢ et al. 2018; Hamilton et al. 2017).
These networks are used because of their strong predictive

@ Springer

Fig. 1 The causal diagram for the networked observational data prob-
lem setting. The covariates or features for nodes/individuals are rep-
resented by X, the network structure is represented by A. Z is a latent
representation, thus represented by a dotted circle. Ideally, condition-
ing on Z should deconfound the causal effect of treatment T on out-
come Y

performance across a wide range of applications (Chen et al.
2020; Wu et al. 2020).

Our primary goal is to design a model that is both low-
latency and performant. To achieve this goal, we first map
the original covariates to a latent representation which
incorporates network information, then we perform nearest
neighbor matching.

4.1 Mapping covariates to hyperdimensional
representations

To make use of HD computing, we must first represent our
data with hyperdimensional vectors. To do so, we start by
mapping our covariates x; € R? using Random Hyperplane
Tessellations (Plan and Vershynin 2014; Dirksen et al. 2022;
Dalvi et al. 2024). Specifically, we map our covariates to
hyperdimensional vectors r; using the following equation:

r; = sign(Qx; + I). €))]

Here, I' is sampled from a uniform distribution over [ 4, AP,
and Q is a matrix in R?*? with rows drawn from a d-dimen-
sional normal distribution.

Previous research by Dalvi et al. (2024) demonstrated that
ify, o Yi(o) A1 T, | x;, then the transformation in Eq. 1 serves
as a valid approximate balancing score (Rosenbaum and
Rubin 1983). Specifically, Dalvi et al. (2024) showed that
Vie (1N, YO LT x, = ¢V Y LT,
approximately holds with high probability when g is suf-
ficiently large and the true propensity score function
e(x;) = E[T = 1|x,] is smooth. This conclusion is based on
the findings that the mapping from x; to r; (i) preserves dis-
tances with extremely high probability when f is sufficiently
large and (ii) provides no additional information regarding
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treatment assignment, thereby maintaining conditional
independence.

In our setting, the network itself may act as a con-
founder. This could result in a scenario where Y;(1) and
Y;(0) are not independent of T; given r;. Regardless, since
we assume that Yl.(l), Yl.(o) LT (Xi,./\/k(i)); we can assert that
YD, Y© I T | (r,, N¥(i)). Again, this is because the map-
ping in Eq. 1 preserves ignorability.

To enable matching to deconfound the effect of the net-
work structure, we design a function that utilizes HD com-
puting. This function incorporates network information
using hypervectors, resulting in a latent representation which
can then be used for matching.

4.2 Incorporating network information

We now describe how network structure is incorporated in
our HD representation. We make use of the RelHD method
proposed in Kang et al. (2022). RelHD constructs a repre-
sentation z; for node i as follows:

2= ®r)® W, ®h ") ® (v, @) 2)

where v, v, and y, are randomly-sampled bipolar hyper-
vectors with fixed values across all nodesi € {1,...,N}. The
h; terms are constructed as:

h™= @ r
JEN' (i)

hiZ—hop = @ h.l—hop
jeMa@

h!"P aggregates the 1-hop neighborhood

In this encoding, ;

information of node i, while hiz'hop aggregates the 2-hop
neighborhood information of node i by propagating the pre-
h! P,

viously-aggregated 1-hop information. The r;, and

h2"P vectors are binded to the yy, y;, and , vectors in order
to indicate relative network position. The resulting terms
are bundled, aggregating node-level and neighborhood-level
information. Note that this encoding method inherently
accommodates sparse networks and disconnected nodes. For
example, if there exist a node p which is disconnected, the
latent representation of node p will be z, = (y, ® r,,), since
h]l)—hop — hi—hop — [0]10000’ since ./\/1([7) =0

Our inclusion of 1-hop and 2-hop neighbor informa-
tion is motivated by the literature on graph neural networks
(GNNs). Including information from 1-hop and 2-hop neigh-
bors is typically sufficient for performing downstream clas-
sification or regression tasks while avoiding the GNN overs-
moothing problem (Chen et al. 2020). Oversmoothing occurs
when samples with meaningfully different labels are mapped
to similar latent representations. Incorporating information

from distant nodes (beyond 2-hop) can result in oversmooth-
ing, which may limit predictive performance.

We hypothesize that our constructed representation z; pos-
sesses sufficient information to approximately satisfy con-
ditional ignorability, i.e., Y, Y© 1 T|Z, given the causal
model in Fig. 1. Assuming this condition holds, matching
can be performed to faithfully estimate treatment effects.

The primary advantage of our approach over existing
methods is that ours requires no training and operates as
a one-pass learning algorithm. Unlike state-of-the-art deep
learning techniques, our approach does not involve iterative
optimization (i.e. no backpropagation or gradient descent),
resulting in far greater computational efficiency.

4.3 Nearest neighbor matching for outcome
prediction

Matching, as discussed in Stuart (2010), is a method used
to mitigate bias from confounding variables when estimat-
ing causal effects in observational data. In our approach, we
perform matching using the latent representation Z in order
to account for the covariates as well as the network. This
method effectively reduces bias from observed confounders
and operates efficiently through weighted k-nearest neigh-
bors regression. Note that we use m rather than & to denote
the number of neighbors and avoid abuse of notation.'

To calculate the counterfactual outcome for an individual
i, we use m-NN; and m-NN,,, which represent the m-nearest
neighbors from the treatment and control groups, respec-
tively. The outcomes are computed as follows:

2‘1: Z w; Yy

JEM-NN, (z;)

=3 wy

JEM-NN(z;)

Here, w; denotes weights assigned based on distance (i.e.,
nearer neighbors are assigned more weight) under the con-
straint that 3. w; = 1.

5 Experiments

We proceed to describe the data sets used, the experimental
setup, the state-of-the art baselines used in our experiments,
and results of comparison of C-HDNet with state-of-the-art
methods for causal effect estimation from observational data
in the presence of network interference. We also analyze
the effect of $k$, the number of hops used to incorporate

! Recall that A¥(i) represents the k-hop neighbors of node i in the
remainder of the paper.

@ Springer
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Table 1 Summary of BlogCatalog and Flickr graph datasets

Statistic BlogCatalog Flickr
Number of nodes 5,196 7,575
Dimensionality of features 2,198 1,205
Number of links 171,743 239,738
Average node degree 66.11 63.30
Median node degree 49 25
Node degree (10th percentile) 22 7

Node degree (90th percentile) 134 147

information from network neighbors of each node into its
HD representation. The codebase for our experiments can be
accessed using the following link: https://github.com/Abhis
hek-Dalvi410/C-HDNet.

5.1 Datasets

As observational data does not include counterfactual out-
comes, synthetic or semi-synthetic data is typically used in
the evaluation of causal effect estimation techniques. We
perform evaluations on two datasets—BlogCatalog and
Flickr—used in Guo et al. (2020a, 2020b). An overview of
the datasets is provided in Table 1; the spread of the node
degrees—captured by the average, median, and percentile
values—highlight the realistic nature of these datasets, show-
casing sparsely and densely connected regions.

e BlogCatalog: In this dataset, each node represents a blog-
ger, with links indicating social relationships between
bloggers. The node features includes processed bag-of-
words representations derived from keywords extracted
from blogger descriptions. The treatment or intervention
pertains to whether a blogger’s content receives more
views on mobile devices (T = 1) or desktops (T = 0).
The outcomes indicate the opinions of readers for each
blogger.

e Flickr: This dataset represents an online social network
where users share images and videos. Nodes are users
and each edge signifies a social connection (friendship)
between a pair of users. Users’ features are constructed
from a list of interest tags on images and videos. Follow-
ing the same methodology and assumptions as applied
to the BlogCatalog dataset, user’s content is viewed on
mobile devices (T = 1) or desktops (T = 0). The out-
comes indicate the opinions of readers on each user pro-
file.

We adopt the data generation process described in Guo et al.

(2020b, 2020a) for the setting where a user’s features and
those of their neighbors influence treatment assignment and
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reader opinions (see Fig. 1). We want to know how receiv-
ing more views on mobile devices, compared to desktops,
impacts reader opinions—an exploration of individual treat-
ment effects in this context. We evaluate the three versions
of each dataset provided by Guo et al. (2020b, 2020a) with
the confounding factor for the individual (node) covariates
set to k, = 10, while the confounding factor for the covari-
ates of the 1-hop neighbors are set to x; = {0.5,1,2}. The
larger the value of the confounding factor, the stronger influ-
ence of confounding from neighboring nodes on the overall
effect.

Additionally, we include in our analyses, confounding
effects from 2-hop neighbors, denoted as «, (refer to Eq.
(11) in Guo et al. (2020b), where an additional term for
2-hop neighbors is included). To better reflect real-world
scenarios, we randomize the confounding factors for each
node—{k{, k!, k}} sampling them a Uniform distribution
UYi € {1--- N}. In contrast, Guo et al. (2020b, 2020a) con-
sidered the confounding factors to have same values across
all nodes. For the Flickr dataset, we sample K{ ~ U(0.5,3),
while for the BlogCatalog dataset, K‘; ~ U(0.5,1). In both

datasets Ké ~ U5, 10), Ké ~ U(0.01,0.05).
5.2 Evaluation metrics

We evaluate C-HDNet against other existing methods using
two primary categories of performance metrics: (1) the error
in estimated causal effects compared to their true values, and
(2) the time required for training and inference.

For the assessment of causal effect estimation error; we
use the error on the Average Treatment Effect denoted by
€rg and the Rooted Precision in Estimation of Heterogene-
ous Effect (PEHE) error (Hill 2011) denoted by epgyg. These
errors are estimated as follows:

N N
Eatp = <]%/ Zfﬁz) - <zlv ZITE,.>
i=1 i=1

N
1 —
pene = || ) (ITE, — ITE,?
i=1

where and ITE; = Y/ — Y;) denotes the true Individual Treat-

ment Effect and ﬁ“TEi = IA/il - ’?lo denotes the Estimated Indi-
vidual Treatment Effect each for the i sample.
Furthermore, we conduct our experiments in two con-
texts: (1) In-sample, where we estimate the causal effect
using the available factual outcome, and (2) Out-of-sample,
where our goal is to estimate the causal effect in the absence
of both the potential outcomes. For all our experiments, we
split our data such that 20% of the samples are used for
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out-of-sample evaluation and the remaining 80% of the sam-
ples are used for in-sample evaluation.

5.3 Baseline methods
We compare C-HDNet against the following baselines:

o TARNet (Shalit et al. 2017; Johansson et al. 2016):
Treatment-Agnostic Representation Networks learns rep-
resentations of confounders by transforming the original
features into a latent space using a neural network. This
network is then split into two parts to predict potential
outcomes. TARNet is trained to minimize the error in
inferred factual outcomes while also working to reduce
the discrepancy across confounder representations over
the treated and controlled groups. In this work, we use
the maximum mean discrepancy (MMD) variant for bal-
ancing penalties.

e DRGNet (Shi et al. 2019): DragonNet similar to TAR-
Net in terms of its network architecture. However, the
network is trained to to minimize the error in inferred
factual outcomes while forcing latent representations to
be suggestive of the propensity score using targeted regu-
larization, based on non-parametric estimation theory.

e C-VAE (Louizos et al. 2017): Causal Effect Variational
Autoencoder is a neural network latent that employs
latent variable modeling to concurrently estimate the hid-
den latent space that summarizes the confounders as well
as the causal effect. This method is based on Variational
Autoencoders (VAE) Kingma (2013), which adhere to
the causal structure of inference using proxies.

e C-Forest (Wager and Athey 2018): Causal Forest is a
non-parametric method for estimating heterogeneous
treatment effects which extends the widely use Random
forest algorithms to incorporate causal effect estimation.

e BART (Hill 2011; Chipman et al. 2010): Bayesian Addi-
tive Regression Trees are a Bayesian nonparametric
modeling procedure that allows for flexible modeling
and accommodates complex relationships between con-
founders, treatment, and outcomes to effectively estimate
causal effects.

o NetDeconf (Guo et al. 2020a): Network Deconfounder
shares a similar architecture to TARNet, and is trained
using the same objective function. However, it utilizes
graph neural networks to map covariates into latent rep-
resentations, which incorporate network information
in the latent space to assist in network deconfounding
effects.

5.4 Experimental setup

All experiments were conducted on Google Colab Pro
using the high RAM version, with all models utilizing only
CPU and no GPUs for computation. For C-HDNet, we
chose f = 10,000 dimensions for our hyperdimensional
representations, as this number has been shown to be suf-
ficient for the properties of HD computing to hold (Kanerva
2009; Neubert et al. 2019; Dalvi et al. 2024). We used the
KNN regressor from scikit-learn for matching, keeping all
parameters at their default settings including the number of
nearest neighbors m = 5. Furthermore, we set I' = 0 in Eq.
(1). According to the findings of Dirksen et al. (2022), the
parameter I" is necessary to distinguish or assign different
binary representations to data points that lie along the same
ray or concentrated along a line. However, our datasets hap-
pen to be well-distributed and scattered, making this distinc-
tion unnecessary.

For TARNet and Dragonnet, the architecture consists two
layers for the latent representation followed by two layers in
each of the two heads for outcome predictions. The hidden
units and layers are structured as [512, 256, [128, 128], [128,
128]] for TARNet and [200, 200, [100, 100], [100, 100]]
for DragonNet. All loss terms in both models are weighted
equally. For CEVAE, we utilized the implementation from
the causalml library (Chen et al. 2020), using the hyperpa-
rameters specified in the example implementation on the
documentation page. In the case of Causal Forest, we set
the hyperparameters to include 20 trees, with a split ratio of
0.7, a minimum of 5 observations of each type (treated and
untreated) allowed in a leaf, and a maximum tree depth of
20. For BART and NetDeconf, we used the implementations
provided by Guo et al. (2020b).

5.5 Comparison with the state-of-the-art

The results under predefined levels of confounding for the
BlogCatalog dataset are presented in Tables 2 and 3, cor-
responding to in-sample and out-of-sample performance,
respectively. Similarly, the in-sample and out-of-sample
results for the Flickr dataset are shown in Tables 4 and 5.
On each simulation, our proposed method (C-HDNet) either
outperforms all existing methods or performs similarly to the
best-performing existing method. As expected, the methods
which do not incorporate network information (TARNet,
DRGNet, C-VAE, C-Forest, and BART) generally perform
worse than the methods which do incorporate network infor-
mation (NetDeconf, C-HDNet). Further, the error in effect
estimation generally increases as the amount of network con-
founding (k;, confounding from 1-hop neighbors) increases.

Our results for randomized confounding are given
in Table 6. Here, we compare the best performing exist-
ing method (NetDeconf) against our proposed method
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Table 2 In-sample mean errors K, =05 K =1 K, =2

and standard errors across 10

simulations of the BlogCatalog Method EATE €PEHE EATE €PEHE EATE €PEHE

dataset generated by Guo et al.

(2020b, 2020a) TARNet 1.4+04 8.4+0.6 20+03 142 +0.6 44+09 28.6 +0.6
DRGNet 1.4+03 6.8+0.3 1.8+0.3 11.8+0.2 39+09 240+0.3
C-VAE 1.8+0.2 85+0.1 57+0.5 163 +0.4 94+ 1.7 322+12
C-Forest 44+12 83+1.5 35107 85+1.0 11.9+22 223+2.6
BART 59+14 104 +2.1 6.4+09 109 +0.9 174 +32 282+3.0
NetDeconf 0.7+0.2 47+0.38 1.3+0.2 47+05 21+0.5 91+12
C-HDNet 0.6 +£0.1 2.7+0.1 08+02 41+02 20+04 74+03

Table 3 Out-of-sample mean K, = 0.5 K =1 K, =2

errors and standard errors

across 10 simulations of the Method EATE €PEHE EATE €PENE EATE €PEHE

BlogCatalog dataset generated

by Guo et al. (2020b, 2020a) TARNet 1.7+0.5 108+ 1.4 25+04 164+ 1.3 49+12 353+23
DRGNet 1.3+03 74+12 1.8+0.3 9.7+1.0 38+1.0 23.0+25
C-VAE 6.0+ 0.9 11.7+ 15 89+1.2 144+ 13 21.3+2.0 30.6 £2.6
C-Forest 45+13 83+1.5 35+0.7 8.6+1.0 11.6+23 229+29
BART 1.5+0.4 39+05 24+05 55405 83+29 126 +2.8
NetDeconf 0.7+0.2 47+0.8 1.3+02 47+05 21+04 91+13
C-HDNet 03+0.1 44+0.7 0.7+0.1 48+04 1.2+03 8.8+0.9

Table 4 In-sample mean errors K, = 0.5 K =1 K, =2

and standard errors across 10

simulations of the Flickr dataset Method EATE EPRHE EATE EpPEHE EATE EPEHE

generated by Guo et al. (2020b,

2020a) TARNet 25+0.6 215+ 1.5 44+ 1.1 407+ 19 88+1.2 78.6 + 4.0
DRGNet 1.6 £0.5 11.1£0.3 31+0.6 21.7+0.6 57+ 1.7 438+ 1.2
C-VAE 0.6+0.1 13.0£0.0 2.6+04 248 +0.5 41x1.1 464+ 1.0
C-Forest 31+£0.7 8.6+04 79+13 164+ 1.0 142+25 31.0£ 1.5
BART 39+04 9.8+0.3 51+£038 16.8 + 0.8 82+14 314 +£12
NetDeconf 0.7+0.1 42+02 1.2 +£0.1 6.0+0.2 23+02 97+04
C-HDNet 0.7+£0.0 3100 1.0+£0.0 6.0+04 1.4+0.1 119+ 1.6

Table 5 Out-of-sample mean K, =05 K =1 K, =2

errors and standard errors across

10 simulations of the Flickr Method EATE €PEHE EATE €PEHE EATE €PEHE

dataset generated by Guo et al.

(2020b, 2020a) TARNEet 3.8+09 284 +2.1 6.5+ 1.7 54.7 + 3.8 13.2+£2.0 99.4 +5.8
DRGNet 22+0.7 102 +0.6 34+07 183+ 1.7 85+3.1 362+25
C-VAE 1.0+£0.1 143+04 28+04 248 +1.1 83+0.6 404+ 14
C-Forest 29+0.7 88+04 78+13 16.8 +1.2 143 +25 32119
BART 22+05 48+03 25+09 6.2+0.6 53+09 99+0.8
NetDeconf 0.7+0.1 42+03 1.2+02 6.1+03 25+02 98+04
C-HDNet 0.5+0.0 46+0.3 0.7+ 0.0 6.9+0.5 09+0.1 13.0+2.0

(C-HDNet). We observe similar performance across meth-  for training and inference) rather than predictive perfor-

ods for both the BlogCatalog and Flickr datasets. mance. Again, we compare C-HDNet against NetDeconf,

As a final comparison against existing methods, we  as both methods incorporate network information and offer
consider computational efficiency (combined runtime  similar predictive performance. Results are illustrated in
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Table 6 Mean errors and standard errors across 10 simulations of
Flickr and BlogCatalog datasets for random levels of 0-hop, 1-hop,
and 2-hop confounding

Fig. 2. C-HDNet is faster than NetDeconf by almost an
order of magnitude on the BlogCatalog simulations. On
the Flickr simulations,C-HDNet also has a lower runtime

In-sample Out-of-sample than NetDeconf by a large margin. These results can be
eATE eparE eAtE eparE explained t')y the 'fact tl}at C-HDNet is a simple ?lgorlthm
based on dimension-wise operations and matching, while
BlogCat NetDeconf 0.3+0.0 19+00 03+00 1.0+0.0 NetDeconf is a comparatively more complex algorithm
C-HDNet 02+00 19+00 02+0.0 14+0.0 requiring iterative optimization.
Flickr NetDeconf 0.2+0.0 4.0+00 03+00 3.0+0.1
C-HDNet 03+0.0 42+01 02+00 38x+0.1
Fig.2 Runtime comparison = CHDNet mmm NetDeconf BN C-HDNet == NetDeconf
between C-HDNet and Net-
Deconf across different datasets. o 65.3 65.2 64.6 66.4 140 136.2
BlogCat-R and Flickr-R refer to 60
the datasets generated using ran- I -
domly sampled 0-hop, 1-hop, g% 2
and 2-hop confounding factors, Ei a0 ;E;
while the remaining datasets are 2, 2
from Guo et al. (2020a, b) £ =
& 20 2
10
BlogCat-0.5 BlogCat-1 BlogCat-2 BlogCat-R Flickr-0.5 Flickr-1 Flickr-2 Flickr-R
(a) BlogCatalog (b) Flickr
Fig.3 Mean ATE an(.i P];*HE 10 —e— In-sample 35 —e— In-sample
errors of C-HDNet with increas- —=— Out-sample —=— Out-sample
ing k-hop neighborhood infor-
mation. Shaded areas indicate 0.8 3.0
the standard error across 10 N 5
simulations g &
& 0.6 was
= I
< i
0.4 2.0
02 - 15
0-hop 1-hop 2-hop 3-hop 4-hop 0-hop 1-hop 2-hop 3-hop 4-hop
(a) BlogCatalog
—e— In-sample —e— In-sample
2.0 —=— Out-sample 9.0 —=— Out-sample
18
8.0
15
12 & 7.0
i 10 ; 6.0
0.8
5.0
05
0.2 40
0-hop 1-hop 2-hop 3-hop 4-hop 0-hop 1-hop 2-hop 3-hop 4-hop
(b) Flickr
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5.6 Evaluating C-HDNet with varying k-Hop
configurations

In this section, we design experiments to evaluate how incor-
porating network information influences the performance
of our C-HDNet algorithm. We consider HD representa-
tions of covariates under the following configurations: (1)
without any network information (0-hop), (2) using up to
1-hop neighbor information, (3) using up to 2-hop neighbor
information (i.e., the proposed model), (4) using up to 3-hop
neighbor information, and (5) using up to 4-hop neighbor
information.

In the O-hop setting, we set z; = (y, ® r;), meaning only
the node’s own covariates are used. For the 1-hop configu-
ration, we remove the y, and hi2_h°p terms from Eq.(2). In
contrast, for the 3-hop and 4-hop cases, we extend Eq.(2)
by introducing the additional terms (y; ® h?'h‘)p) and
(v, ® h?'hoP), respectively. The 2-hop setting corresponds
to our original proposed model, where z; is defined as in
Eq. (2).

Results are summarized in Fig. 3. Random values of con-
founding { k, k|, k, } are used for the Flickr and BlogCatalog
datasets—this setup is the same as the one used to generate
results for Table 6.

We observe that the predictive performance of C-HDNet
is generally strongest when using the full model defined in
Eq. (2), which includes up to 2-hop neighborhood informa-
tion. Performance is weakest when no network information
(0-hop) is included. Notably, ATE error on the Flickr dataset
deviates from this trend—the worst performance is observed
when only 1-hop neighborhood information is used.

Including additional information from 3-hop and 4-hop
neighborhoods also results in a performance decline com-
pared to the 2-hop model. This degradation is likely due to
the introduction of additional confounding factors or overs-
moothing, as discussed in Sect. 4. However, the decline is
not as severe as that seen in the 0-hop and 1-hop settings.

In summary, omitting key neighborhood information (as
in the 0-hop and 1-hop cases) leads to a substantial drop in
performance due to missing confounding signals. On the
other hand, incorporating excessive neighborhood depth
(3-hop and 4-hop) may introduce noise or irrelevant depend-
encies, thereby harming predictive accuracy.

6 Summary and discussion

In this work, we have introduced C-HDNet—an algorithm
for causal effect estimation given networked observational
data. Network data is ubiquitous in the real-world, and
incorporating this information when performing causal
inference can help avoid confounding and improve causal

@ Springer

effect estimates. Design of the C-HDNet algorithm was
motivated by ideas from hyperdimensional computing and
graph neural networks. C-HDNet first constructs a latent
representation which incorporates network information, then
performs matching in the latent space. The results of exten-
sive experiments show that our algorithm either matches or
outperforms the state-of-the-art approaches at a fraction of
their computational cost.

Looking ahead, several promising directions remain
for future research. One important extension is adapt-
ing C-HDNet to handle temporal or longitudinal network
data, where each node in the network has observations over
time, potentially with irregular intervals. This would enable
the model to estimate dynamic causal effects in evolving
networks.

Another limitation of the current work has to with the
lack of uncertainty quantification. At present, we pro-
vide only point estimates of causal effects without offer-
ing confidence intervals or other measures of uncertainty.
Standard errors derived from repeated simulations on syn-
thetic datasets serve as proxy measures of the uncertainty
of our causal effect estimates. Estimating uncertainty is
particularly challenging in networked data due to the vio-
lation of the i.i.d. assumption—interconnected nodes make
traditional resampling or bootstrapping methods inappro-
priate. Hence, developing methods for uncertainty quan-
tification in this context remains an important direction
for future research.
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