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Abstract

Data collection comes with some amount of measurement error
and network data is not exempt from this issue. Once a network is
collected, it is necessary to test whether an edge exists with some
degree of statistical certainty. This is a process called “network
backboning” There are a number of approaches to perform network
backboning, but the approaches in the literature only work for
directed, bipartite networks, and/or hypergraphs. To the best of our
knowledge, there is no network backboning approach that takes
into account the additional information that comes from multilayer
networks. In this paper, we provide the first such approach, by
extending the popular noise-corrected backboning approach using
a similar Bayesian framework to consider potential layer-layer
(anti)correlations. In synthetic experiments, we show that using
the additional information that comes from the multiple layers is
beneficial to find more accurate network backbones, at a minimal
additional time complexity cost. We provide an extensive case study
using a network from Wikipedia to show the real world usefulness
of extracting multilayer backbones.
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1 Introduction

Measurement error is the difference between a true quantity of
interest and the actual measured value by a sensor. It is a pervasive
problem in science and engineering, which prompted the develop-
ment of a large number of statistical techniques to handle it [40].
Just like any other type of data, network data is subject to measure-
ment error as well. When focusing on edges, we might have the
case where some edges we observe are not really present (type I
error), while unobserved edges might actually exist (type II error).
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Figure 1: An outline of the multilayer network backboning
problem and solution. Given a multilayer network (left: edge
colors indicate layers, edge widths indicate the weight), we
estimate the probability of an edge existing (at the base of
the arrow), which is given by the layer connectivity pattern
(right top) and the layer-layer covariances (right bottom).

There are a number of techniques that try to address both error
types at the same time [39, 42, 52], while link prediction specializes
in dealing with type II errors, inferring the existence of unobserved
edges [24, 33, 57].

In this paper, we focus on the network backboning subfield in
network error correction, which specializes in type I errors: given
an observed noisy weighted network, identify which edges are
likely to be spurious [9, 54, 55]. We specifically focus on backboning
multilayer networks, by taking into account layer-layer correlations:
Figure 1 provides a depiction of the problem we tackle. Network
backboning is a particularly popular approach because many real
world observed networks are too dense: backboning them results in
a sparsification of the graph which, at the same time, reinforces the
real signal behind the noisy network data. The resulting network
is easier to handle and leads to cleaner results.

Network backboning is as old as network science. The simplest
form of backboning - removing from the network all edges with
a weight lower than a given threshold — has been a widespread
practice since the inception of network analysis. By now, more
sophisticated techniques are used for virtually any application of
network science: from political polarization [14] to neuroscience
[50], from medicine [59] to urban infrastructure [29], including
applications such as gastronomy [1], social influence [8], chemistry
[26], and art studies [11].

Such a diverse set of applications means that the networks on
which we need to apply backboning have all possible sorts of fea-
tures. For this reason, a wide variety of backboning methods have
been developed to take into account the many different topological
properties a network can have. For instance, we have backboning
methods for directed networks with asymmetric edges; for bipartite


mailto:valerio.siniscalco@studenti.unimi.it
mailto:mcos@itu.dk
https://doi.org/10.1145/3799682.3840676
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3799682.3840676

CIKM °26, November 07-11, 2026, Rome, Italy

networks, containing only edges between two classes of nodes; and
hypergraphs, whose edges connect more than two nodes at the
same time [10, 35, 36].

Here, we identify an important gap in this literature: multilayer
networks. Multilayer networks are networks containing multiple
different qualitative types of edges. For instance, you can consider a
social network, where different layers represent different modes of
interaction between people — face by face, phone calls, texts, social
media [4, 22]. To the best of our knowledge, there are no network
backboning approaches that target specifically multilayer networks.
In this paper, we aim at providing one.

One reason why such a gap in the literature exists could be be-
cause one can apply a non-multilayer backboning approach to a
multilayer network, by representing it as a multigraph without
edge types. Each parallel edge between any node pair can be tested
independently, and can be included in the backbone if it passes
whichever criterion defined by the backboning approach. The prob-
lem is that layers in a multilayer network are not independent from
each other. The existence of an edge in one layer influences its
probability of existence in another layer. For instance, in a social
network, being friends in a face-to-face interaction increases the
likelihood we will call each other on the phone - a positive corre-
lation. On the other hand, being connected with a negative type
interaction, for instance stealing money from each other, decreases
the likelihood of connecting in another, positive layer. Therefore,
we cannot have a trivial solution increasing the likelihood of edges
simply because they appear in multiple layers.

In our approach, we take inspiration from the Noise-Corrected
(NC) backboning algorithm [10]. We do so, because the NC back-
boning can be extended by updating its priors via the estimation of
the layer-layer covariance matrix — which can take into account
both positive and negative correlations across layers. Doing so al-
lows us to have a proper multilayer estimation of the likelihood of
an edge existing in a specific layer, by integrating information not
only from within that layer, but also across layers. This results in a
proper Multi-Layer Noise-Corrected (MLNC) backbone.

We evaluate our proposal in two ways. First, we create a synthetic
multilayer network model with tunable error rate and layer-layer
correlation levels. Here, we have perfect knowledge about which
edges are signal and which are noise. We show that MLNC outper-
forms both the original NC backboning as well as the most used
backbone technique in the literature — the Disparity Filter (DF) [46]
- in recovering a larger portion of the signal edges. We also show
that our approach is scalable.

In our second evaluation we perform an extensive case study
with real world data coming from Wikipedia. In the study we show
how useful extracting multilayer backbones can be in a cultural data
analytics question. Using traditional backbones - as was done in a
literature study [23] - provides a contradicting and unclear picture
when investigating discrimination in the inclusion of biographies on
Wikipedia. On the other hand, our multilayer backboning technique
provides a clear and easily-interpretable answer, uncovering no
bias in the choices of Wikipedia about whom to include in the
encyclopedia’s biographies.

In summary, our paper provides the following contributions to
the state of the art:
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e We are the first to focus on the problem of multilayer net-
work backboning, formally introducing this problem to the
literature as a stand-alone problem and not as a side effect
of regular network backboning;

e We provide a novel Bayesian framework that can extract

multilayer backbones more effectively than any currently

available alternative, the only backboning approach taking
into account layer-layer correlations;

We introduce a novel multilayer dataset that can be used for

future multilayer backbone benchmarking;

e We advance the field of cultural data analytics by investigat-
ing potential discrimination in the inclusion of biographies
of Wikipedia, showing that no such discrimination exists.

The data and code on which this paper is based is publicly avail-
able and open source!, which is a further contribution for replica-
bility and for developing future alternative multilayer backbones.

2 Related Works

As mentioned in the introduction, network backboning is one of
the oldest problems in network analysis, originally approached in
a naive way: to sparsify a network by removing all edges whose
weight is below a certain threshold [9]. This is what we can call
“naive backboning” which has a number of problems - edge weights
distribute broadly and have local correlations: establishing a global
fixed threshold risks destroying the network’s structure in low-
weighted areas and not sparsifying high-weighted areas. In this
section we will contextualize the work done in network backboning,
and we refer to recent surveys for a more in-depth treatment of
the subject [54, 55]. The popularity of network backboning also led
researchers to develop software solutions for wider use outside the
network science community [37].

The most important and used approaches for classical network
backboning - involving simple networks, occasionally directed
with asymmetric edges — are the double-stochastic approach based
on the normalization of the rows and columns of the weighted
adjacency matrix [47], the extraction of the High-Salience Skeleton
based on short path trees [15], and other [13, 44, 49, 58]. These are
all “structural” approaches that do not consider the statistical signif-
icance of an edge weight, but apply an algorithm on the topology of
the network to identify which edges are playing an important struc-
tural role. It is not trivial to translate these algorithms to multilayer
networks, and we opt to use a statistical approach instead.

There are a few classical statistical approaches, which are the
most used in network science: the Disparity Filter (DF) [46], the
Noise-Corrected [10], and others [32, 43]. The general idea under-
lying these approaches is the same: to create a null model with
an expected edge weight and then test whether the observed edge
weight is significantly higher than this expectation. Each model
simply differs in how the null model is defined: some like DF use
a node-based null model, others like NC use an edge-based null
model instead. We identify the gap here: while these models can
work on a multigraph representation of a multilayer network, they
ignore layer-layer interactions and therefore fall short if we want
to define a proper multilayer network backboning approach.

LCode: https://www.michelecoscia.com/?page_id=287; Raw data: https://zenodo.org/
records/20247946.
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This shortcoming has been addressed in different scenarios, for
instance for bipartite networks [36, 38, 45]. Bipartite networks need
an updated null model, because such a model has to take into
account that some edges in a bipartite network are not possible:
those that would connect nodes of the same type. Unfortunately,
there is not a direct mapping between bipartite and multilayer
networks, so a new approach is needed. The same can be said
for hierarchical backboning, which updates the null model to be
aware that a network might have a hierarchical organization [18].
Hierarchical and bipartite backboning has been combined [19], but
still without applicability to multilayer networks.

Another development involves hypergraphs and/or simplicial
complexes. Since in hypergraphs and simplicial complexes edges
can connect more than two nodes at the same time, we need to
extend the null model powering network backboning [31, 35]. While
important, these developments are not applicable to multilayer
networks. Network backboning has underwent a number of other
developments, such as parameter-free approaches driven by the
minimum description length principle [20], or a framing as link
prediction, to exploit the power of graph neural networks [3, 30].

The closest related work to ours is the introduction of the idea of
edges with different types, specifically signed networks [16]. Signed
networks are a special case of multilayer networks where edges
can be “positive” — like friendship — and “negative” — like enmity.
Signs are useful because they increase the predictability of the
system: social networks tend to be balanced [2], following intuitive
patterns such as the “enemy of my enemy is my friend” which
we can call social balance [21, 27] or social status [28]. Crucially,
though, backboning approaches in the signed network literature
provide signed network as an output, not as an input (like we intend):
if an edge weight is significantly below the null expectation it is
still returned — not discarded —, with a negative sign. This makes it
a completely different problem definition than the one we consider
here — which is the classical approach of network backboning of
only returning edges significantly exceeding null expectation.

Some work has been done for signed bipartite networks [12] and
for graph generation [7]. We integrate some of these ideas in our
work, but ultimately these related work fall short because they do
not develop an actual multilayer backboning approach.

3 Methodology

3.1 Problem Definition

We start by establishing some notation. Let G = (V,E,L) be a
directed multilayer graph, composed by a node set V, an edge set
E, and the layer set L. We define each edge in E to be a quadruple
(u,0,1,w), with u,0 € V being the two nodes connected by an
edge, through the layer | € L, and with weight w € Z* being a
positive integer. Note that we can allow for any arbitrary positive
real weight — i.e. w € R* - by simply replacing in Section 3.2
the Binomial function with an appropriate continuous function.
For simplicity — and consistency with previous work — we limit
ourselves to discrete edge weights.

Since G is directed, (4, v, [, wyy;) # (0, u, [, wyy), i.e. nodes u and
v in the same layer [ might have different weights wy,,; and wy,,;. In
fact, it is possible — and common - that even if (u,v, [, wy,,) exists,
(v, u, I, wyy1) does not — i.e. wyy,; = 0 for our purposes.
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In this paper we assume that each edge is measured with a certain
amount of error. We cannot therefore be sure that a measured edge
exists and we need a way to estimate the likelihood of an edge in
a layer to have actual weight of zero - i.e. it does not exist. This
leads us to our formal problem definition:

DEFINITION 1. Given a multilayer graph G = (V, E, L) with dis-
crete count layered edge weights defined as (u,v, 1, w), define a func-
tion f : G, (u,0,l, w) — [0,1] such that the output represents the
likelihood of edge (u,v,l, w) to have a weight w > 0.

Note that this problem definition acknowledges the multilayer
aspect of the graph, but does not necessarily require that this infor-
mation is taken into account. This is because classical single-layer
backboning methods can work on multilayer graphs, by simply
ignoring the layer information coming from L. The objective of this
paper is proving that doing so results in an inaccurate output, and
less useful insights in real world scenarios.

3.2 Single Layer Backboning

We now outline the Noise-Corrected (NC) backboning approach
in a single layer setting [10]. Doing so is useful, as our proposed
multilayer approach is a direct evolution of this single-layer variant.
NC backboning uses a weighted configuration model (CM) ex-
pectation for each edge in the network, and then tests the likelihood
of the observed edge weight to be greater than zero by comparing
it against a binomial null extraction process. The weighted CM
estimates the probability of any (u,v) edge to be:
WuWo

E[puv] =

with w;, = 3 wy, being the total odtgoing edge weight coming

>

w2

[
from node u - and, likewise, w , = } wy, being the total incoming
u

edge weight pointing towards node v —, and w_ = )} wy, being the
u,n

total edge weight mass of the entire graph G. The variance V [py,]
is estimated via a Bayesian framework — here omitted for brevity,
see [10] for the full derivation — whose objective is to avoid being
over-confident about low-degree nodes — which are common in
most real-world networks.

Ultimately, we obtain a null p,,,, probability of connecting nodes u
and v, which we can plug in a binomial approximation to model the
expected edge weight between the two nodes: Binomial(w_, pyy).
This allows us to define our function f estimating the likelihood of
the edge to surpass this null expectation:

f(”’ o, Wuv) =P (X < Wuv)

= ﬁBinomial(Wuv; w., ﬁuv)
wyp—1 w
Z ( l-“)ﬁzlw(l _ﬁuv)n_l~
i=0
One can see how it is trivial to extend this methodology to fit
our problem definition. Two edges connecting the same u, v pair
in different layers [; and I, still contribute to the w,, and w, sums,
leading this multilayer information to be taken into account in
estimating p,,. Moreover, since it is possible that wyu;, # Wyol,,
then the two edges in the two different layers will obtain different
f scores, making the classical NC backbone approach a multilayer



CIKM °26, November 07-11, 2026, Rome, Italy

one. This holds for all similar statistical backbone approaches such
as the disparity filter [46]. However, this operation rests on two
strong assumptions: it considers layers to be (i) independent and (ii)
indistinguishable from one another.

Layers are considered (i) independent because any potential
(anti)correlation between edges in different layers is ignored: only
the weight wy,, is considered in estimating p,,,. However, this is not
the case in real-world multilayer networks: in a multilayer social
network with a different social media per layer, we expect friend-
ships to be correlated - it is more likely for u and v to be friends
on Facebook if they are also friends in Bluesky. Or in a social game,
it is less likely to be connected in the friendship layer if u and v
attacked each other in the game, a connection in a conflict layer.

Furthermore, layers are also considered (ii) indistinguishable
because w_ pools information from all of them at the same time
and each layer tests itself against a shared null model. A side effect
of this choice results in the fact that the null model ignores that
some edges might connect more or less strongly than others in
general. Suppose that the average edge weight is much lower in [;
than in I,. Then, for any pair of u, v nodes connected in both layers,
the backbone will likely consider as significant only edges from I,
de-facto creating an almost empty backbone for layer /5. For these
reasons, we need to estimate layer-dependent w..I and p,,.

3.3 Multi Layer Backboning

The first step to address the shortcomings of the layer-agnostic
backbone extraction is to disaggregate information by layer. We
therefore move to a per-layer expected connection probability:

Wy IW ol
E[Puvl] = 2 s s
Wi

with the trivial extensions from the baseline: w,; = 3 Wy,
[

Wol = Eul Wyol, and w_j = uzilwuvl-

For convenience, we work with log-odds rather than directly
with probabilities: x,,; = logit (E[py1]). The assumption in our
model is that the odds of nodes u and v to connect in layer [ are
the sum of their baseline odds of connecting in general (y,), plus
a layer-specific factor £,

Xuol = Puv + buol-

With x,,,; we can distinguish between layers, addressing short-
coming (ii), by effectively giving each layer its own configuration
models. These configuration models are, however, still independent.
To estimate the dependencies between them we need to calculate
the layer-layer covariance matrix X:

2ll,lz = (|E| - 1)_1 Z (xuvh - xuv) (xuvlz - xuu) >

u,0

with %,, = |L|™! 3 x,0; being the average connection strength

between nodes u and v across all layers.

This seemingly innocuous step actually requires attention, be-
cause in many cases an edge will not appear in all layers — especially
for anti-correlated layers. We therefore need a protocol to deal with
missing x,,; values. There are two alternatives: either the values
are treated as true missing and therefore ignored in the average

Valerio Siniscalco and Michele Coscia

calculation, or they are treated as measured zeroes and therefore
we impute them as x,,,; = logit (¢), with e being an arbitrarily low
value - necessary because we cannot take the logit of zero. The
choice between these two options should be left to the user, as they
know whether missing connections in a layer are unobserved edges,
or observed zero-weighted edges.

We now provide the posterior mean ji,,, which estimates the
affinity of the edge across the layers, by normalizing the observed
odds of the edge existing with the prior of the edge not existing —
shifting it towards zero:

173 1%,

17511+ 4

where 1 is a vector of ones and 7 is the parameter controlling
the global pooling strength. High values of 7 should be used when
we expect the layers to have a strong shared signal, vice versa v
should be set to alow value when we believe the layers to be largely
independent. For typical cases, 7 = 1.

We then perform the layer-wise shrinkage using our posterior
of the edge affinity across layers, which gives us our final null
expectation of the edge’s odds of existing in a given layer:

/:’uv =

Xuol = fluo + A (Xyol = fluo) -

Here, A is the second parameter of our framework, which regu-
lates the shrinkage strength. For low A = 0.1 we force the layers to
be similar (correlated) with the estimated f,,, overall edge affinity;
for high A = 0.9 we result in layers largely independent from fi,;,.
Typically, A = 0.5.

At this point we can go back to work with probability reverting
the logit transformation, py; = logit™ (%), and use it to perform
the same null model test we use in the single layer case:

f(u’ 0,1, Wuvl) =P (X < Wuvl)

= fBinomial (Wuol; W..l,};uvl)

Wyl —1

w ~i ~ —i
( ."l)PLz,l(l _Puvl)n >
i=0 !

but now we have a proper integration of the information coming
from the layers. Each layer [ is a parameter of function f, and p,,,
includes the information of the (anti)correlation between layers.

4 Experiments

We evaluate our multilayer backboning in two ways. In this section,
we leverage synthetic data to validate it (Section 4.1) and discuss
its computational complexity (Section 4.2). In Section 5 we create
a novel multilayer network dataset from Wikipedia and show the
usefulness of multilayer backboning for cultural data analytics.

4.1 Validation

To validate our multilayer backboning we generate a synthetic
network using a Stochastic Blockmodel (SBM) approach. There are
a few examples of multilayer SBMs in the literature [17, 41, 48, 51].
Here we use a custom multilayer SBM in which we can tune the
amount of noise in the edges via a parameter 7.

We fix a layer-layer correlation via a parameter p € [—1,+1].
When p < 0, edges that appear in one layer tend not to appear in
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Figure 2: Two samples of noisy multilayer SBMs. Edge colors represent the layer in which an edge appear. Dashed edges are
drawn from noise, solid edges are signal. Above row for high positive p (layer-layer correlation), row below for high negative p

(anti-correlation).

other layers, vice versa if p is positive. If p = 0 then an edge in one
layer does not influence its appearance in other layers. We set a
number of communities, and p regulates how aligned across layers
the communities are. With probability proportional to p;, we draw
an edge between nodes in the same community, and with p,,; <<
pin We draw an edge between nodes in different communities. Each
edge has a random weight drawn from a Poisson distribution.

Note that p;, and poy: are not the actual probabilities of connect-
ing: they still need to be drawn via a multivariate normal process
ruled by a covariance matrix X, which is in turn initialized by p.
This is because even if nodes u and v are drawn in the same com-
munity in two layers [; and I, if p < 1 then we still need to make
sure to respect the level of correlation between edges in /; and I,.

Once the signal edges are extracted, we add a certain amount
of noise using 7. If a u, v node pair was not connected by the SBM,
we have an 7 probability of connecting them via a noisy edge.
Noisy edges have weights that are drawn from the same Poisson
distribution as non-noisy edges. This means that, within a layer,
noisy edges are somewhat indistinguishable from non-noisy edges.
However, because they are embedded in a multilayer structure, a
multilayer backboning should be able to identify them.

Figure 2 shows examples of the multilayer synthetic networks
we generate at different levels of p, which confirms visually that
our noisy multilayer SBM is generating a proper test set: for high
positive p the community structure is noticeable even when all
layers are plotted at the same time (note that in this row each node
has the same x,y coordinate in all subfigures). For high negative
p, while the layer-wise community structure is noticeable in each
layer in isolation, since the layers are anti-correlated the global
network shows no community structure.

To validate the backboning methods we use the Jaccard coeffi-
cient between the edges recovered in the backbone and the non-
noisy edges in the original structure. If Ep, is the set of edges
returned by the backbone and E,; is the set of the real edges, then
our performance is:

perﬁ;b — |Ebb N Ereall )
|Ebb U Ereal |

We test our proposed Multi-Layer Noise-Corrected (MLNC) method
against the single layer state of the art, since there are no other
multilayer backboning methods and, as we saw in Section 3.2, a
statistically-based single layer backboning method can give multi-
layer p-values. We choose to compare against single layer Noise-
Corrected (NC) [10], since our model is a direct evolution of the
same idea, as well as the Disparity Filter (DF) [46], since this is by
far the most used statistical backbone extraction method. Structural
extraction methods cannot be compared, since their multilayer ex-
tension is not straightforward. We also include naive thresholding,
to contextualize what would happen if we were to pick only the
strongest edges ignoring layer information.

We repeat each test for any given parameter combination 20
times and report the average plus/minus the standard deviation.

Figure 3 shows the performance of these three methods on a
number of tests we run, each varying some parameters in the noisy
multilayer SBM generation. First, we vary the noise parameter n
(Figure 3a). As expected, the larger the noise 5 the harder it is to
recover the real structure. It is clear from the figure that taking into
account the information shared across layers in the MLNC back-
bone is useful to retain as much signal as possible. The gap in per-
formance is evident. Interestingly, all non-multilayer alternatives
perform at a remarkably similar level, including Naive threshold-
ing, showing how harmful it is even for sophisticated backboning
methods to ignore the information coming from the layers.

Figure 3b shows what happens when we have different levels
of correlations between layers — here we fix = 0.02. While there
seems to be a small positive effect of layer correlation (for DF we go
from ~ 0.56 —~ 0.6 and for MLNC ~ 0.71 — 0.72 when moving
from strong anti correlation to strong positive correlation) this
is not statistically significant. Therefore, none of the backboning
methods are affected, crucially including our approach MLNC. This
means that MLNC does not have an edge only when in strong
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Figure 3: The backbone performance (y axis) varying different parameters in the SBM (x axis): (a) level of noise 7, (b) layer-layer
correlation p, (c) community strength p;,/pou:, (d) network density. The line color identifies the backboning method: brown
for Naive, red for NC, blue for DF, green for our method MLNC. The solid line reports the average performance, while the
shaded area shows the standard deviation across all runs. Note: only NC is visible among the alternatives due to near identical

performance.

(anti)correlations between layers. Even if p = 0.0, it is still useful to
use a multilayer approach as there is still information that can be
used to recover the best possible backbone.

The performance of the backboning method is also not influenced
by how strong the communities are (Figure 3c). We vary the strength
of the communities by changing the pin/pou: ratio, making sure
the network retains the same overall edge density. Again, there
seems to be a non-statistically significant preference for weaker
communities (DF ~ 0.56 —~ 0.58 and MLNC ~ 0.72 —~ 0.74,
when going from the strongest to the weakest communities).

Density (Figure 3d) presents a more interesting case. All backbon-
ing methods struggle with higher densities (e.g. DF ~ 0.57 —~ 0.55).
However, MLNC’s performance declines more sharply, while re-
maining still significantly better than the alternatives: ~ 0.72 —~
0.67. This is to be expected, as we increase the density uniformly
between noise and signal edges, therefore there are more noisy
edges in denser networks, which might make it harder to identify
them. Ultimately, the density values for which MLNC struggles the
most are significantly larger than density values that are normally
observed in real world networks.

The near-identical performance across all test between DF, NC,
and Naive could lead to think these methods return almost the exact
same set of edges. Surprisingly, that is not the case. Figure 4 shows
the pairwise Jaccard coefficients of all methods - including the real
edge signal - at the highest noise level 0.045 — we use the highest
noise because obviously at low noise level all backbones tend to
overlap with the real signal. For this test, we report the average of
100 independent runs.

The figure confirms that MLNC has the highest overlap with
the edge signal. The figure also shows that DF is quite similar to
Naive. Even so, the average Jaccard of these two methods is far
from indicating a near identity: it is 0.863, high but leaving space for
significant disagreement. In networks with one thousand edges, at
this level of Jaccard agreement the two methods still return each 100
edges that the other does not. The NC backbone is more distinct still,
its Jaccard coefficient with the other two methods hovering around
0.6. This implies that these backbones are not all returning the
same result, only that the different results they return are equally
uncorrelated with the real signal.

Real
0.8
MLNC
©
06 &
|9
DF 3
0.4 g’
Naive
0.2
NC
0

Real MLNC DF Naive NC

Figure 4: Heatmap of the average pairwise Jaccard coefficient
of all backbone methods. Darker color means more agree-
ment. Average of 100 independent runs.

4.2 Efficiency

While we did not focus on providing the most efficient possible
implementation of MLNC, we note how all operations of statistical
backboning like DF, NC, and MLNC are vectorized and roughly
linear in the number of edges. Without a formal derivation, the time
complexity of MLNC should be in the order of O (|E||L|?), because
that is the time complexity of estimating the covariance matrix.
This is convenient, as for the vast majority of real-world multilayer
networks |L| << |E|. The alternatives, DF and NC, being blind to
the layers, only see an increase in number of edges regardless of
|L|, and therefore their time complexity is O (|E]).

To show the validity of our estimation, we test all three back-
bones on networks of increasing sizes in terms on |E|. For this test,
we generate two-layer networks by using a simple G, , Erdos-Renyi
random graph, as we do not really care about the actual backbone,
only how much time it takes to compute.

There are three ways to increase the edge set: by adding nodes,
or by increasing the edge density in the network, or by adding more
layers. We perform all tests, to verify whether there is a difference
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Figure 5: The running time in seconds (y axis) against the network size in number of edges |E| (x axis). The size is regulated by
increasing: (a) the node count |V|, (b) the average degree, or (c) the number of layers |L|. The line color identifies each method:
red for NC, blue for DF, green for our method MLNC. The solid line reports the average runtime, while the shaded area shows

the standard deviation across all runs.

in increasing |V| as well as |E|, in having very dense layers, or
simply many of them. For each given network size, we repeat the
process ten times and report average and standard deviation of the
runtime, to smooth out potential fluctuations.

Figure 5 shows the result. Understandably, MLNC has a worse
multiplicative constant runtime when compared with DF and NC,
because it needs to take additional steps, evaluating the layer-layer
correlations. Besides this constant penalty, the overall time com-
plexity asymptote when increasing node count or network density
is the same across all models — as Figures 5a and 5b. In both cases,
the best fit for MLNC time complexity is a power function with
exponent one, i.e. a linear increase.

Figure 5c¢ confirms this, showing that increasing the layer count
does not affect DF and NC - as they are blind to them - but requires
additional computation time in MLNC, because MLNC needs to
build the layer-layer covariance matrix and use it. In this case, em-
pirically the best fit for MLNC time complexity is a power function
O (|E|***). While asymptotically MLNC has worse time complex-
ity in this regard, the total runtime is still manageable even for
very large networks with |L| = 128 (other parameters being set
at |[V| = 2000 and |E| = 780140). As we noted at the beginning of
the section, it is quite rare to encounter a multilayer network with
more than 128 layers. In fact, we have to stop our test at the size
we stop at because the limiting factor taking most of the runtime is
generating the random network, and not backboning it.

5 Case Study

We now turn to the case study of the paper: the usage of backbon-
ing methods to find discriminatory behavior in the inclusion of
notable people on Wikipedia. As one work in the literature showed
[23], backboning is useful in this case because by using aggressive
thresholds we can drop nodes from the network in a specific order:
from the individuals who have statistically weak connections to
those who have statistically strong ones. If a certain class of peo-
ple — say women vs men — tends to be preserved more, it means
these people tend to have statistically stronger connections, which
implies there is a higher barrier of entry for that class of people.

5.1 Dataset Building

We use this section to document the dataset building procedure,
since it represents an important contribution of the paper: not only
we provide a valuable novel multilayer network for benchmarking
multilayer backboning methods, but we can also use it to provide a
contribution to the field of cultural data analytics by investigating
biases in inclusion in databases related to history. Wikipedia is
de-facto one of the most important sources of information about
history for the wider population, and biases in its editorial practices
should be investigated.

We collected the data on January 2nd, 2026 using the official AP,
essentially creating a snapshot of the encyclopedia as it appeared
on that day. Each node in our V set is an illustrious person with a
biography page on Wikipedia. The API allows to obtain a unique ID
for each person, regardless of different localizations of their name
in different language editions of Wikipedia. Therefore, the nodes
across layers are automatically aligned.

Our first advancement over the state of the art is that we do not
narrow our study to individuals born between 1750 and 1950, as is
done in the work we improve upon [23]. Moreover, [23] uses Pan-
theon [6, 56] to identify a curated list of biographies on Wikipedia,
but we rely instead on a larger, more comprehensive dataset [25].

Another improvement in our dataset is on the node attributes.
We include not only gender as is done in [23], but also the period of
birth and the world region encoding the place of birth. This allows
us to perform a validation of the methodology using time in Section
5.2, but also to explore Western versus non-Western bias in Section
5.4, besides analyzing gender bias in Section 5.3.

Two individuals u,v are connected by a directed edge if the
Wikipedia biography of u links to v’s Wikipedia biography. The
third improvement we make over [23] is in moving from a single
layer to a multilayer network. Originally, only links in the Eng-
lish language Wikipedia were used. Here we add hyperlinks from
the French, German, Italian, and Spanish language editions. Each
language represents a different layer [ in the multilayer network.

Following [23], we remove links that do not come in the body of
text of the biography, as they are normally found in footer tables
and represent loose and not relevant connections — for instance
connecting Aristotle to Rosalind Hursthouse just because the latter

Zhttps://www.mediawiki.org/wiki/Wikimedia_APIs
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Figure 6: Cumulative distributions (y axis) of some network variables (x axis): (a) Number of nodes, (b) in-degree, (c) out-degree,
(d) edge weight. The line color refers to a different layer, gray for the overall multilayer network aggregating all layers.

is included in a footer table on Aristotle’s biography as being one
of his followers. The weight of an edge represents the number of
times v has been mentioned in u’s biography, which we take as
proportional to the strength of their relationship.

Unfortunately, not all occurrences are marked with a hyperlink,
so we need to employ a variety of natural language processing tech-
niques — specifically DBPedia Spotlight [34] with multilingual sup-
port [53] (we set its confidence parameter to 0.8) — to add weights
to the edges. There is a serious issue in case of people sharing sur-
names. Consider the case of reading Mary Shelley’s Wikipedia page.
Since she does have a hyperlink pointing to Percy Shelley, each
occurrence of standalone “Shelley” can be added to the edge weight
- even if it was referring to Mary rather than Percy. We can identify
other potential spurious edges even without this substring match-
ing issue, by looking at the z-score of each outgoing edge weight
from a node when compared with the node’s expected outgoing
edge weight. We set a threshold to 1.5, identifying 29, 169 edges
affected by this issue (around 1% of all the edges). Note that the
z-score is only applied to the ambiguous, surname-matching pairs
- otherwise it would produce a massive number of false positives.

When we find such ambiguity, we fix it with a two-step strategy.
First, we switch to a full string match, only adding to the edge
weight if we encounter the full name “Percy Shelley” and not just
“Shelley”, under the assumption that the article writer would write
the full name when referring to someone else than the subject of the
biography they are writing. Using this strategy, we can add proper
weights to 28,312 out of 29, 169 edges (97% of the ambiguous edges).
However, there are 857 cases in which this fails, because the full
name match does not help us: full matching the string “Napoleon”
still does not help when looking at the edge of the first emperor
of France when reading the biography of his nephew “Napoleon
III”. The existence of these 857 edges is not in doubt — because the
hyperlink exists — but we have no other choice than to put the edge
weight to one in the second step of our solution.

Table 1 reports summary statistics about the dataset, showing
that it has a skewed weight distribution, with low edge weight
average and most edge weights being equal to one. In all layers, the
majority of nodes are in the same connected component, whose
average path length is between 5 and 7, depending on the layer.

Figure 6 shows some distributions to make better sense of the
dataset. Figure 6a shows the cumulative count of nodes as we move
through history in our dataset. The figure shows a great growth in

Measure | Gaut Gen Gae Grr G Ges
V] 92,238 83,823 81,377 79,176 75,591 77,569
|E| 2,836,525 776,770 413,514 620,310 542,720 483,211
Avg. w 1.61 1.68 1.48 1.68 1.57 1.58
%w =1 75.11 74.40 78.79 72.88 75.18 75.91
% in LCC 99.59 98.41 97.28 97.74 96.71 96.25
APL 4.99 5.63 6.97 5.82 6.09 6.22

Table 1: The basic statistics of the multilayer network we
extract from Wikipedia, and for each of its layers: |V| = num-
ber of nodes, |E| = number of edges, Avg. w = average edge
weight, % w = 1 = share of edges with weight equal to one,
% in LCC = share of nodes in the largest weakly connected
component, APL = average path length.

number of nodes that continues even after 1950, as well as a signifi-
cant number of nodes before 1750, which were excluded in [23]. The
in- and out-degree distributions (Figures 6b and 6c) show a broad
distribution common across layers, which fails to be a power-law.
The edge weight distributions (Figure 6d) are remarkably similar
across layers. While we do not properly test for power-laws [5], it
seems that the edge weights distribute much more broadly than
the degree, which is one key characteristic addressed by the noise-
corrected style of backboning we deploy here.

5.2 Period Bias

The first dimension of bias in inclusion we explore is temporal.
We divide nodes in five temporal classes based on their year of
birth, from antiquity (born before 500BC) to contemporary (born
after 1900AD). We consider this as a validation of our methodology.
We do not think there necessarily is a conscious bias in excluding
people from a particular age, but there will be other sources of
biases that makes it harder for people in older eras to be included,
e.g record loss over time. We expect to see a strong discriminatory
signal against people the further back in the past they were born,
as the further we go back in time the more notable a person has to
be to find enough records to be included.

Figure 7 shows the results, for both MLNC and NC - the latter
was used in the original paper. For MLNC (above row) we can see
that the validation is completely successful: in the multilayer struc-
ture and in each of the layers we see the periods sorting themselves
correctly. The top row of the figure shows that the further back in
the past we go, the higher levels of “discrimination” we observe —
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Figure 7: The share of nodes retained in the backbone (y axis) per given p-value threshold (x axis). The line color indicates the
period the node is from, from light (ancient) to dark (contemporary). Above row for MLNC, below row for NC.
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Figure 8: The share of nodes retained in the backbone (y axis) per given p-value threshold (x axis). The line color indicates the
gender of the node: male (blue) or female (red). Above row for MLNC, below row for NC.

more nodes have more significant connections, a sign they needed
to clear a higher significance bar to be included.

The second row of Figure 7 shows the picture from NC. While
the validation is mostly successful in this case, we see some puz-
zling inconsistencies. In the French and Spanish networks, the
second most “discriminated” class is the most recently born people,
which we would expect to be the least discriminated as it involves
the most recent historic records. The second most recent class
(1751AD-1900AD) is also more discriminated that the previous one
(1501AD-1750AD), and there are also some out-of-order cases in
the Italian and German layers. Worryingly, it is not clear how these
inconsistencies translate into the full multilayer structure which,
as we can observe, shows none of these surprising patterns. Our
working hypothesis is that the overall structure is simply domi-
nated by the largest layer — English — which is also showing the
expected sorting across periods. This means that NC, by ignoring
the multilayer information, ends up dominated by the largest layer.

5.3 Gender Bias

We now move to a study of gender bias. Figure 8 shows the number
of retained nodes per layer at increasing significance thresholds. In
[23], a significant gap between female and male nodes had been
found, by using the NC backboning. Figure 8g confirms this finding
when using the NC backboning: at higher significant threshold,
more female nodes retain their place in the overall multilayer struc-
ture, by preserving at least one connection.

However, when analyzing the structure layer by layer - in Fig-
ures 8h to 8l — a puzzle emerges. This gap between male and female
nodes is nowhere to be found in any of the layers. The number of
retained nodes is exactly the same across the two genders - slightly
higher for males, in fact. This creates a situation that is difficult to
explain: the overall multilayer structure shows a pattern that is not
present in any of the layers. The conclusion from this contradicting
analysis would be that Wikipedia overall — across language editions
- is biased, but none of the language editions are.

If we instead use our proposed MLNC approach, this contradic-
tion disappears. Figure 8a shows that indeed the overall multilayer
structure is not biased against female nodes, and this pattern is
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Figure 9: The share of nodes retained in the backbone (y axis) per given p-value threshold (x axis). The line color indicates the
region the node is from: western (orange) or non-western (purple). Above row for MLNC, below row for NC.

confirmed in all language layers. Figures 8b to 8f consistently show
no discriminatory pattern, creating a clear picture.

Our conclusion is that Wikipedia does not add any significant
reporting bias against women. There are still a number of biases
against women - historic lack of access, recognition, as well as
biases in historiography, clearly evident from the fact that only
18.4% of profiles in out database are women - but Wikipedia is not
adding additional biases on top of these.

5.4 Origin Bias

For the bias in the origins of illustrious people, we divide the
Wikipedia profiles in two classes depending on their place of birth.
People born in Western, Southern, or Northern Europe, the Ameri-
cas, or Australia/New Zealand are labeled as “Western,” and every-
body else as “Non-Western” Then we perform the same analysis
we did for gender. Figure 9 displays the results.

Our analysis on origin bias fortifies the unsuitability of ignoring
layer information, which we already discussed for gender. We see
again a contradiction in the NC results between the pattern of
discrimination we observe in the overall multilayer structure -
Figure 9g — and the absence of such pattern in all of the layers
composing it — Figures 9h to 91. This contradiction is made worse
by the fact that the discrimination we observe in the main multilayer
network shows a bias against Westerners, which seems unlikely.

Once more, MLNC fixes this inconsistency. No discrimination
pattern can be found in the overall multilayer network — Figure
9a -, which is consistent with the absence of discrimination in
each of the language editions — Figures 9b to 9f. Again, we remind
the reader that this means Wikipedia does not add any additional
bias to the ones already present in either history or historiography,
which provide the sources for Wikipedia itself. Non-Western people
in our dataset only include 20.1% of the profiles, despite their areas
of origin providing a much higher share of historic population. We
also should not over-interpret these results, as our cultural origin
classification is superficial, and requires future work in cultural
data analytics to be made more accurate.

6 Conclusion

In this paper, we tackled the issue of creating a multilayer back-
boning approach. Backboning is the task of identifying significant
connections in a noisy complex network. This task has attracted
great interest in the literature, which has proposed methods to
extract backbones in directed, bipartite, and hyper networks. Our
approach is the first one targeting multilayer networks. In syn-
thetic experiments, we show how our approach is better suited
for this specific data type, being able to recover more efficiently
signal edges over noisy ones. We deployed our MLNC approach
on a case study on cultural data analytics: the analysis of inclu-
sion bias in the biographies of notable people on Wikipedia. Our
approach showed its validity in correctly identifying period bias.
When analyzing gender and origin bias, we fail to find a system-
atic Wikipedia-induced bias. The usefulness of our approach is in
providing a clean, consistent signal, which moves beyond what has
been done in the literature: non-multilayer approaches provide a
confusing, contradictory picture.

There are a number of potential future works opened by our
work. First, we have targeted a specific backboning algorithm, and
extended it to the multilayer case. There is work to be done ex-
ploring the multilayer extensions of other backboning approaches.
Relatedly, our chosen approach is statistical, meaning that we create
a null model to compare against the observation. However, there
are a number of structural backboning approaches, whose multi-
layer extensions could require quite different solutions from the
strategy we deploy here. Finally, our cultural data analytics case
study also requires further development. Our analysis of origin bias
- comparing how Wikipedia treats Westerners and Non-Westerners
- is superficial in nature. We need a more robust node classification
if we want to properly talk about inclusion biases in Wikipedia.
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