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Introduction

In graph theory and network analysis, centrality metrics are utilized to rank nodes
based on network positions, connectivity, and other structural properties, these mea-
sures remain invariant under isomorphic transformations. Some relevant applications
of centrality include identifying individuals of interest within a social network, key infra-
structure nodes in urban networks, and analysis of activity observed in brain networks
(Heuvel and Sporns 2013, Saberi et al. 2021). Among the most popular centrality met-
rics are degree, closeness, betweenness, eigenvector, and PageRank centrality (Newman
2010): degree centrality of a node describes the number of direct links a node has to
other nodes in a graph, while closeness centrality entails the average length of the short-
est path between a node and all other nodes in a graph, betweenness centrality measures
each incidence of a node’s presence in the shortest path between two other nodes in
the graph, eigenvector centrality computes the influence of a node in a graph, given that
connections to high-scoring nodes contribute more to node score than equal or low-
scoring nodes, and lastly, PageRank assigns each node an importance score based on
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the importance of nodes linking to it, computed iteratively with probability based link-
following and random teleportation to ensure convergence.

All aforementioned metrics above were initially defined for unweighted graphs; how-
ever, in most applicable real-world scenarios, each node and edge within a graph typi-
cally differ from one another in terms of respective features. Namely, in protein-protein
interaction networks, each protein, represented by a node, has a unique expression value
and each interaction, portrayed as an edge, has a different confidence score or inter-
action strength. To address this, some studies have extended the centrality metrics to
consider edge weights in determining the topological significance of nodes (Opsahl et
al. 2010), while still assuming similar features for each node. This approach was imple-
mented by Singh et al., who introduced multiple extensions of the aforementioned cen-
trality metrics to consider distinct node features (Singh et al. 2020).

With the emergence of deep learning and representation learning, various approaches
have been developed to tackle salient graph-based challenges, most notably with graph
neural networks. The key design component of graph neural networks is the incor-
poration of message passing, whereby nodes iteratively update their representations
by exchanging information with their neighbors (Wu et al. 2022, Scarselli et al. 2008,
Micheli 2009). Alternative modifications of this technique have also been introduced.
Graph convolutional networks (GCNs) use convolutional layers to propagate informa-
tion between nodes in a graph; the GCNs aggregation process is based on a weighted
average of node features, where weights are determined by graph structure (Kipf 2016).
Unlike GCNs, graph attention networks (GANs) aggregate neighbor information in an
adaptive manner using an attention mechanism to glean the importance of each neigh-
bor and aggregate accordingly (Velickovi¢ et al. 2017). These models can be implemented
to propose graph-based predictions, such as drug target identification (Zhai et al. 2023),
predicting node labels, and inferring putative edges between two nodes.

In this work, the GCNs aggregation approach was utilized as motivation to introduce
new centrality metrics, termed inflow and outflow centrality, that are based on graph
structure rather than learned weights. Additionally, these novel centrality metrics allow
for direct incorporation of node features. It is demonstrated that our new metrics pro-
vide useful insight into node-weighted networks from three different disciplines and that
these metrics are not biased towards highly connected nodes. Additionally, these novel
metrics have been made available in the following Github repository: https://github.com
/AramPapaz/Inflow-and-Outflow-Centrality.

Materials and methods

Formula

The formulas for the new metrics were inspired by the normalization approach applied
on the adjacency matrix in a graph convolutional operation, which originates from the
spectral formulation based on the normalized graph Laplacian (Chung 1997,Kipf 2016).
The normalized Laplacian is:

L=I-D7AD=

Here, A, D and [ represent the adjacency, diagonal degree and identity matrices,
respectively. DT AD7 is used to prevent high-degree nodes from dominating. GCNs
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use this exact normalization but apply it directly to the adjacency matrix (with self-
loops) to create the propagation matrix

A = D7 (A+I)D>

with,

1 . . .
A/i,j:{ \/ma ZfJEN(Z)

0, otherwise

where, A’ represents the normalized adjacency matrix. The variables d; and d; sig-
nify the degrees of nodes i and j. N (i) represents the set of node i’s neighbors. This
procedure modifies the adjacency matrix by considering the degrees of nodes i and j.
Node i will have low values if it has many neighbors or if its neighbor node j has many
neighbors. This boosts the impact of nodes with few connections relative to highly con-
nected nodes.

Two different flow centrality metrics were derived from the normalized adjacency
matrix. First, inflow centrality considers the neighbor features inside the aggregation
function. Second, outflow centrality takes into account solely the target node’s feature
during aggregation. In both formulas, the result of the aggregation is normalized by
the square root of the target node’s degree, termed as relative normalization, plus the
median of all node degrees in the graph, termed as global normalization. The median
was selected over the mean, as it is less sensitive to highly connected nodes. The formu-
las for both centrality metrics are as follows:

. feature;
Inflow metric : Z L
Vd; + median (G JeN@ /d;d;
. feature; 1
Outflo etric : _—
utflow metri /d; + median (Q) jgv:(i) d;d;

Here, d; and d; stand for the degrees of nodes i and j, respectively. The variable
median (G) represents the median node degree of all nodes in the graph, feature; and
feature; represent the node features of nodes i and j, respectively, and N (i) represents
the set of neighbors of node i.

Our metrics will capture nodes that act as bridges between weakly and highly con-
nected nodes. Weakly connected neighbor nodes with comparably large features values
will contribute strongly to the summation term in the formula. Also, neighboring hub
nodes with large feature values (highly populated cities, very wealthy countries, etc...)
will contribute favorably.

The values obtained from both metrics are bounded below by 0 and unbounded above,
as long as node features take positive values. These values are sensitive to the node fea-
tures; therefore, they can be used to compare nodes within the same graph, but not
between different graphs. Optionally, a final step could be added where all IM and OM
values are divided by the largest value obtained for a network. This would normalize IM
and OM values to the interval [0,1].
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Simple graph models

Two types of graphs were created using the Barabasi Albert and Erdos Renyi algorithms
which generate scale-free and random networks, respectively. Each network was set to
contain 10 nodes with node characteristics that were sampled from a uniform distribu-
tion between 1 and 10. The node features are similar in both networks.

Node-weighted airport network

First, the new metrics were applied to an undirected airport network, where nodes
represent airports and an edge exists between two nodes if there exists a direct flight
between them. The log2 transformed population of each city was used as a (normalized)
node feature. Airline route data was retrieved from the Open Flight Database (2025)
and city population was retrieved from the World Cities Dataset (2019), which was last
updated in 2019. If a city possesses multiple airports, their connections were concate-
nated and they were considered as a single node. Both tables are provided in the supple-
mentary materials. This network is composed of 1,306 nodes and 11,079 edges.

Node-weighted airplane trade network

Next, the new metrics were applied to an undirected airplane trade network, where
each node represents a country and an edge signifies airplane trade history between two
nations. These trades include both newly built and used airplanes. The log2 transformed
gross domestic product (GDP) of a country was considered as a (normalized) node fea-
ture. Bilateral airplane trade data between countries in 2023 was retrieved from CEPII
(Mayer et al. 2023) and country GDP in 2023 was retrieved from the World Bank Group
(2025). The tables used for our analysis are provided in the supplementary materials.

This network is composed of 163 nodes and 1,161 edges.

Node-weighted breast cancer protein-protein interaction network

An undirected protein-protein interaction network (PPIN) was formed such that each
node represents a protein and an edge is constituted between two proteins if there exists
an interaction score greater than or equal to 500 in the STRING database (Mering et al.
2003). As a node feature of individual proteins, the mean RNA expression of the genes
encoding these proteins in 1218 breast cancer samples from TCGA (Tomczak et al.
2015) was used. These values were increased tenfold to circumvent obtaining negative
node features. The preprocessed expression data are provided in supplementary materi-
als. This network contains 15,882 nodes and 453,242 edges.

Node weighted centrality metrics

The metrics proposed in this study were compared against the unweighted betweenness
centrality and against the node-weighted degree centrality metric proposed by Singh et
al. (Singh et al. 2020):

Z ve V\{u}(Wv-au,v)
Z € VWI‘

where W, and W, represent the features of nodes v and x, respectively. The variable

@y, is equal to 1 if nodes u and v are connected and zero otherwise.
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Our metrics were also compared against the node-weighted closeness centrality met-
ric (Singh et al. 2020):

W,
W) ve viiu} 0T
Z EAS VWoc

where d,,, represents the geodesic distance, length of the shortest path, between nodes
uand v.

As betweenness centrality, the personalized PageRank (Brin and Page 1998) and
AlphaCentrality (Bonacich and Lloyd 2001) metrics are well established in the literature,
their complete mathematical definitions are not included here for conciseness.

The node features signify the city population, GDP, or RNA expression level, depend-
ing on the network model.

Software and libraries

The Python package “NetworkX” version 3.6 (Hagberg et al. 2008) was used to generate
the simple graph models, and to compute the betweenness and the four node-weighted
centrality metrics. Cytoscape version 3.10.3 (Shannon et al. 2003) was employed to visu-
alize each network. The scripts to compute the node-weighted degree centrality (Singh
et al. 2020), node-weighted closeness centrality (Singh et al. 2020), inflow, and outflow
centrality metrics are made available in the following Github repository: https://github.c
om/AramPapaz/Inflow-and-Outflow-Centrality. All analyses and computational proced
ures in this study were performed using Python 3.12.4.

Results and discussion
To illustrate the effect of the GCN normalization: ) jc n(i) \/ﬁ, Fig. 1 presents how
]

the neighbors of node g contribute to its degree normalization term in a toy network.
From Fig. 1, it is evident that node “h” is the most significant contributor to node “g’,
as node “h” is the only node directly connected to node “g” that shares no connections

“«_»

with other nodes, aside from its single edge linking to node “g” By construction, the new

metrics prioritize nodes that have neighbor nodes that are otherwise little connected.

Simple graph models

To help in better understanding the two new metrics, two types of simple graph models
were generated, see Fig. 2. These graphs use similar node features which were sampled
from a uniform distribution between 1 and 10. In the left panel of Fig. 2, the node height
is based on the node feature value (the larger the value, the larger the node height), in
the middle panel these are based on the inflow metric, IM, and in the right panel these
are based on the outflow metric, OM.

In both networks, nodes 3 and 7 were assigned the largest node features, which are
represented by the height of their node boxes in graphs (a) and (d). In the Barabasi
Albert network, node 4 was assigned the highest IM value (graphs b) because it is con-
nected to multiple nodes having varying degrees. Additionally, some of its neighbors had
relatively large feature values such as nodes 3, 8 and 6. In terms of connectivity, node
3 is similar to node 4, by being connected to nodes having varying degrees. However,
the feature values of node 3’s neighbors tend to be smaller. Hence, node 3 was assigned
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Fig. 1 Toy network in which nodes are colored on the basis of neighbor contribution scores to node “g" Higher
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Fig. 2 Simple graph models generated based either (top) by the Barabasi Albert, or (bottom) by the Erdos Renyi
models. The node heights reflect the magnitudes of the node’s feature value (left panel), inflow value IM (middle
panel), and outflow value OM (right panel), respectively. The larger the value, the larger the node

a smaller IM value than node 4. In the case of OM (graph c), the opposite was seen,
whereby node 3 was assigned a larger OM value than node 4. The reason for this is that
OM relies on the node’s own feature value rather than those of its neighbors. Node 6 was
ranked second based on OM since it had a large feature value as well (4th highest), and it
is connected to both highly and weakly connected nodes. Thereby, it connects node 9 to
major hub nodes 4 and 3.
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For the Erdos Renyi network, node 2 had the highest IM value (graph e) and it is con-
nected to both weakly and highly connected nodes. Notably, two of its neighbors, nodes
7 and 8, have the second and third highest feature values and are overall weakly con-
nected which provide strong feature flow towards node 2. Node 6 had the second high-
est IM value; this is mainly because it is the only node connected to node 3 which has the
largest feature value. Concerning the OM values (graph f), nodes 8 and 6 were ranked
first and second, respectively. Both share similar connectivity patterns, whereby they are
connected exclusively to a node and to hub nodes 1 and 2. However, node 8 had a larger
feature value than node 6 which caused it to be ranked higher.

Overall, this analysis suggests that nodes having high IM values tend to be connected
to nodes having varying degrees. This metric prioritizes nodes that are connected to
weakly connected nodes with rather high feature values or to nodes having very large
feature values that are well-connected. The name inflow stems from the fact it is reli-
ant on the features of its neighbors that pass through it. Similarly, highly ranked OM
nodes are also connected to nodes having varying degrees, but in this metric the node
itself should have a relatively large feature value. Therefore, it passes its features to both
weakly and highly connected nodes.

The same graph models but with different node feature values can be found in the sup-
plementary Figures S1 and S2.

As a check of the effectiveness of IM and OM, the metrics were also applied to the
well-known Zachary’s karate club network (Girvan and Newman 2002) that was
retrieved using the karate_club_graph function of (Hagberg et al. 2008). As this network
lacks continuous node features, all node features were set to 1 which renders IM and
OM to be the same. Our metric was able to correctly identify the known top 3 nodes
being node 33 (president of the club, ranked first), node O (sensei, ranked second), and
node 32 (vice president of the club, ranked third).

Airport network

The airport network had a mean shortest path length of the largest connected compo-
nent of 3.468 and a mean clustering coefficient of 0.52, which are characteristic values
of a densely connected network. Additionally, the betweenness, node-weighted degree,
node-weighted closeness, personalized PageRank, and alpha centralities were com-
puted for each node (city). PageRank and alpha centralities were computed with default
parameters (alpha of 0.85 and 0.1, respectively) using the NetworkX package (Hagberg
et al. 2008). The results were compared against the inflow and outflow centrality metrics
and are illustrated in Table 1. For brevity, the following abbreviations are used: Between-
ness Centrality: BC, Weighted-Degree Centrality: WD, Weighted-Closeness Centrality:

Table 1 Top 5 most central nodes in the airport network. Each node represents a City with City
population as node feature for IM, OM, WD, WC, PR and AC. Cities are listed according to the order of
decreasing centrality values

BC WD wWcC PR AC IM oM

London London London London Mumbai Bogota Bogota

Paris Paris Paris Paris Delhi Buenos Airos Buenos Airos
Moscow Istanbul Frankfurt Moscow Stockholm Campinas Moscow
Istanbul Frankfurt Amsterdam Istanbul Beijing Moscow Sydney

Beijing Amsterdam New York Atlanta Oslo Mumbai Denver
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WC, Personalized PageRank: PR, Alpha Centrality: AC, Inflow Metric: IM, and Outflow
Metric: OM.

Compared to the other metrics, the IM and OM metrics provided dissimilar results:
both inflow and outflow metrics reported Bogota, Colombia to be the most relevant and
not London, which had the most connections. Node degree and node feature distribu-
tions are visualized in Fig. 3a and b.

Per the distribution visualized in Figs. 3a and b, it is evident that there exists a sig-
nificant gap between the degrees of both cities, yet the populations are remarkably simi-
lar. To seek further insight into local topologies, the node degrees of Bogota’s neighbors
were compared against those of London and other cities; see Fig. 4a. Additionally, Fig. 4b
displays the connectivity of Bogota and its direct neighbors, where node size directly
correlates to the degree of the respective node, signifying that a larger node size implies
a higher degree; see Fig. 4b.

Figure 4a highlights that there exists considerable variance in the degrees of the
neighbors that Bogota, Moscow, and Sydney possess. In contrast, the neighbors of Lon-
don, Paris, and Frankfurt are rather well connected. This continues to prove evident
in Fig. 4b, where Bogota’s neighbors on the left feature smaller node sizes, represent-
ing weakly connected nodes, compared to those on the right. Therefore, the relevance
of Bogota emerges: the city serves as a “gateway” for more weakly connected cities to
transit to major hub cities, such as Paris and Frankfurt. In fact, the El Dorado Interna-
tional Airport in Bogota, Colombia is globally considered as the Hub of the Americas
(Bogota 2026). It serves as an important link for passengers and cargo connecting South
America with North America, Europe, and beyond. It handles a substantial volume of
both international and domestic flights (Bogota 2026). This may also apply to Moscow,
which provides transportation for large populations in rural areas. For Sydney, as it was
ranked highly by OM, it provides the dense population of Sydney with direct transpor-
tation to rural areas in Australia and to large densely populated cities like Beijing and
Delhi.

Furthermore, when Bogota was removed from the airport network, the number of
connected components increased from 7 to 22 reflecting the important role of Bogota
for the connectivity of the graph. For comparison, when London was removed, the
number of connected components increased only to 10. Upon removing Frankfurt,
another hub, the number of connected components stayed at 7. To study this more

a Node Degree Distribution b Node Feature Distribution
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400 Bogota London

300

# of Nodes
Density

100

5 10 15 20 25

0 50 100 150 200 250 log2 City Population

Degree

Fig. 3 a Node degree distribution of the airport network. Red and green dashed lines show the node degrees of
Bogota and London, respectively. b Node feature distribution of the airport network. Red and green dashed lines
show the log2 transformed city populations of Bogota and London, respectively
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Fig.4 a Degree distribution of the neighbors of Bogota, Moscow, Sydney, London, Paris, and Frankfurt. b Visualiza-
tion of Bogota’s direct neighbors. The larger the node size, the higher its degree. Bogota is highlighted in yellow
systematically, we investigated the number of connected components after removing any
of the top 20 ranked cities based on either BC, WD, WC, PR and AC (one at a time).
This distribution was compared against the effect of removing any of the top 20 ranked
cities based on IM and OM (Fig. 5). Evidently, the increase in the number of connected
components is significantly higher when removing the top 20 ranked IM or OM nodes
compared to when removing any of the top 20 nodes based on the other metrics (Mann-
Whitney U test p-value <0.001).

A Spearman correlation was computed for the rankings of the airport network pro-
vided by the IM and OM metrics and any of the other metrics. Notably, PR had the high-
est spearman correlation with both the OM and IM ranking, with correlations of 0.84
and 0.82, respectively. This is mainly due to a somewhat similar normalization approach
in the summation term of PageRank, where instead of normalizing with \/dzT , the val-
ues are normalized by the outgoing edges of the neighbor node. However, PR ranked
Bogota and Buenos Aires only as 24th and 25th, respectively. The Pearson correlations
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Fig.5 Distribution of the number of connected components after removing any of the top 20 nodes based on BC,
WD, WC, PR and AC (“Other”) versus removing any of the top 20 nodes based on IM and OM
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Fig. 6 Pearson correlations of IM (a), OM (b), and PR (c) values with node degrees

of the new metrics with node degrees were 0.54 in IM and 0.57 in OM, Fig. 6a and b,
whereas PR had a much higher correlation with node degree of 0.97, Fig. 6¢. In the sup-
plementary materials, analysis is shown how the damping factor of PR affects its correla-

tion with our metrics.

Airplane trade network

The constructed airplane trade network is a connected graph of countries with nodes
having as feature their GDP, and edges representing airplane trade relationships. Its
mean shortest path length was computed to 2.24 and it possessed a mean clustering
coefficient of 0.52, which is representative of a rather dense network. Table 2 shows the
centrality metrics for each country in this trade network.

In Table 2, the IM and OM metrics gave similar results as BC and PR. Together, these
were the only metrics that ranked South Africa among the top 5 central nodes in the
network. South Africa appears to act similarly to Bogota as it is connected to major hub
nodes like USA and to very little connected nodes like Seychelles.
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Table 2 Most central nodes in the airplane trade network. Each node represents a country, with its
country’s GDP as node feature. Countries are listed according to the order of decreasing centrality

values
BC WD wc PR AC IM oM
USA USA USA USA Botswana USA USA
France France France France Zimbabwe South Africa  China
South Africa  Germany Germany Germany Honduras France South Africa
Germany Switzerland  Switzerland  South Africa  Congo Dem.Rep.  China France
China Netherlands ~ Netherlands  Switzerland ~ Mozambique Germany Germany
a Node Degree Distribution b Node Feature Distribution
25
0.12
% 0.10 i South Africa USA
South Africa USA
515 0.08
5 20.06
* 10
0.04
5
0.02
0 punnldpr 1 0.00
0 20 40 60 80 25 30 35 40 45
Degree log2 Country GDP

Fig. 7 a Node degree distribution of the airplane trade network. Red and green dashed lines mark the node
degrees of USA and South Africa, respectively. b Node feature distribution of the trade network. Red and green
dashed lines signify the log2 of the national GDP of USA and South Africa, respectively

The airplane trade network possesses a similar degree distribution as the airport net-
work; see Figs. 3a and 7a. USA is considered the wealthiest and most well-connected
node in this network, see Fig. 7b. To further analyze the significance of South Africa,
Fig. 8 compares the node degrees of the neighbors of some highly ranked countries.

South Africa was found to have the widest variation in the degrees of its neighbor
nodes. Compared to the Airport network, the airplane trade network is a connected
graph that has a single connected component. When South Africa was removed from
this network, the number of connected components increased to 5, but when USA was

removed the number of connected components increased only to 2.

Breast cancer protein-protein interaction network (PPIN)

The largest connected component of the breast cancer PPIN had a mean shortest path
length of 3.22 and a mean clustering coefficient of 0.32. Table 3 organizes the metrics
computed for each gene, assigned to a node, in the breast cancer PPIN.

Both the IM and OM metrics consider TRIM28 to be most relevant. The only other
metrics in the table to propose this were BC and PR. Most of the other metrics ranked
TP53 among the top five highest, which was ranked 11th in IM and OM. TP53, trans-
formation-related protein 53, is a regulatory transcription factor; protein TP53 is
considered a tumor suppressor gene due to its role in conserving genome stability by
preventing mutations and uncontrolled cell division, inducing apoptosis to cells with
damaged genomes (Toufektchan and Toledo 2018). TP53 serves as a highly signifi-
cant factor in the development of carcinogenesis, as it is the most frequently mutated
gene in human cancer (Surget et al. 2013). Moreover, TRIM28 is a protein involved in
transcriptional regulation and plays a role in mediating cell growth and differentiation;
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Fig. 8 Degree distribution of the neighbors of South Africa, USA, France, China, and Germany

Table 3 Top 5 most central genes and proteins in the breast cancer network. Each node represents
a gene, with a gene's average expression level serving as a node feature

BC WD wcC PR AC IM oM
TRIM28 TP53 TP53 TRIM28 IF16 TRIM28 TRIM28
TP53 AKT1 ACTB TP53 VWF GNB1 GNG13
ACTB RPS27A AKT1 PRKACA CYP11B2 GNAL ARRB1
SRC ACTB GAPDH PRKACB MFSD9 PRKACB GNB1
EGFR SRC EGFR PRKACG CD40 PRKACG PRKACA

additionally, TRIM28, tripartite motif-containing 28, has been shown to promote breast
cancer metastasis (Wei et al. 2016). Likewise, ranking second in the IM metric in Table 3,
GNBI, guanine nucleotide-binding protein subunit beta-1, has also been shown to be
involved in breast cancer proliferation and metastasis (Zou et al. 2024).

TP53 accrued the most connections in the breast cancer network, with a total of 1447,
whereas TRIM28 had 502 connections. The node degree distribution of the breast can-
cer network, portrayed in Fig. 9a, is similar to the airport network distribution featured
in Fig. 3a. To further validate the significance of TRIM28, the node degrees of its neigh-
bors were compared against those of TP53; see Fig. 8.

Figure 10a shows a similar pattern to the data trend visualized in Fig. 4a in that the
highly connected node representing TP53 is connected with neighbors that are also well
connected. In contrast, the neighbors of GNB1 and TRIM28 vary from well connected
to poorly connected in terms of their respective neighbor topologies; this is more evi-
dent in TRIM28. Therefore, TRIM28 exhibits the capability to directly reach genes that
are more difficult to interact with, unlike TP53. Additionally, Fig. 10b highlights that
TRIM28’s neighbors tend to be expressed at a slightly higher level, using a t-test with
a p-value<0.01. Therefore, it proves crucial to investigate common direct interactors
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Fig. 10 Comparison between the degree (a) and expression (b) distribution of the neighbors of TP53, GNB1, and
TRIM28

for such genes. A Spearman correlation was computed between the IM and OM met-
rics and all other metrics: similar to the airport network, PR yielded the highest Spear-
man correlation with both OM and IM, with correlations of 0.91 and 0.92, respectively.
Interestingly IM and OM did not consider TP53 as a top 10 central gene compared to
almost all other metrics. When we removed TP53 from the network the number of con-
nected components only increased from 6 to 7. However, when TRIM28 was removed,
the number of connected components increased to 64. Next, the metric ranks of known
breast cancer drug targets were analyzed: in this dataset, 79 breast cancer drug targets
were retrieved from CUSABIO (Fig. 11) (CUSABIO 2025).

IM and OM assigned lower ranks (further away from the top positions) to the drug
target dataset, compared to the other metrics. The only exception was AC, which pos-
sesses a much lower median ranking. It is important to assign these drug targets lower
rankings in order to indicate that knocking out such targets by blocking their action with
a small-molecule inhibitor may prove safe and may not induce deleterious side effects
on the patient, when compared to knocking out paramount hub genes, such as TP53 or
TRIM28.

Computational complexity

The computational complexity to calculate all node degrees in a graph is O(V + E)
where V and FE are the total number of vertices and edges, respectively. Comput-
ing the median of an unsorted array of node degrees will take O (ViogV'). Using the
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Fig. 11 Distributions of the rankings for the dataset of 79 breast cancer drug targets in each metric

computed degrees and median, it will take O(V'?) to calculate IM and OM. Our imple-
mentation at Github contains an outer loop over all vertices and an inner loop over all
neighbors of a specific vertex. For a dense network this yields a complexity O (V2)
where E ~ V2. Therefore, the total time complexity to compute the new metrics will be
O(V + E + ViogV + V?) which can be simplified to O (V?).

For comparison, weighted-degree centrality has a computational complex-
ity of O(E+V), weighted-closeness centrality has a computational complexity of

0] (|V\2* E|) based on (Then et al. 2017), personalized pagerank has a computational

complexity of O (£logl) based on (Chen et al. 2023), where « is the damping fac-
tor and € a precision parameter, and alpha centrality has a computational complexity of
(@) (V3) based on (Lin et al. 2021).

To obtain empirical run times, four Erdos Renyi graphs were generated using the
erdos_renyo_graph function from (Hagberg et al. 2008) having 1000, 2500, 5000 and
10,000 nodes, respectively. Node features for each network were sampled from a uni-
form distribution between 1 and 10. For each metric the default parameters were used.
The time it takes to compute each metric on each network was measured in seconds
using the repeat function from the python package timeit. For each metric, its outcome
was computed ten times on each network and its median time + standard deviation are
reported in Table 4. These run times do not include one-time graph preprocessing costs
such as graph construction and data structure initialization.

All experiments were conducted on a Linux server equipped with two Intel Xeon Sil-
ver 4310 CPUs (12 physical cores per socket, 24 cores total, 48 hardware threads) with a
base frequency of 2.10 GHz and 251 GB RAM, running Ubuntu 24.04.2. All implemen-
tations were executed in Python 3.12.4 using NetworkX 3.6 in a single-threaded setting.
The code for these experiments can be found in the Github repository.
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Table 4 Median runtimes (+standard deviation 10 runs) for each centrality metric on four Erdos
Renyi graphs of increasing size

#ofNodes  IM&OM PR BC AC WD wC
1,000 0.004+0.0001  0.005+0.006 2184005  003+0004 00024000  05+002
2,500 0.02+0.0002 0.02+0.0007 21+£0007  0.18+0.02 0008+000  3+0.006
5,000 0.11+0.0009 0.11+0.001 1684056  0.58+0.001 00340003  12+0.02
10,000 0.53+0.001 049+0003  1423+123] 25+0019 0.12+0004  52+001
Conclusion

Ultimately, two new centrality metrics were introduced in this paper, termed inflow and
outflow centrality, inspired by the aggregation approach implemented in graph convo-
lution networks. The two novel metrics were compared against betweenness and four
weighted centralities in three diverse network models. As metrics, inflow and outflow
centrality prioritize nodes not only based on the attributes of their connections or fea-
tures, but holistically incorporating contribution from the connectivity and features of
surrounding neighbors. This ability provides new insights on detecting key nodes and
more subtle patterns in neighbor contributions, as demonstrated in the three afore-
mentioned networks. By emphasizing the contribution of otherwise little connected
neighbor nodes, the new metrics prioritize nodes that are crucial to maintain a graph’s
connectivity. Inflow and outflow centrality metrics can be computed on any node-
weighted network using the following Github repository: https://github.com/AramPapa
z/Inflow-and-Outflow-Centrality.
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PR Personalized PageRank
AC Alpha centrality
BC Betweenness centrality

WD Weighted-degree centrality
WC Weighted-closeness centrality
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