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Abstract

We consider the problem of selecting k seed nodes in a network to maximize the
minimum probability of activation under an independent cascade beginning at these
seeds. The motivation is to promote fairness by ensuring that even the least advan-
taged members of the network have good access to information. Our problem can
be viewed as a variant of the classic influence maximization objective, but it appears
somewhat more difficult to solve: only heuristics are known. Moreover, the scalability
of these methods is sharply constrained by the need to repeatedly estimate access
probabilities. We design and evaluate a suite of 10 new scalable algorithms which
crucially do not require probability estimation. To facilitate comparison with the state-
of-the-art, we make three more contributions which may be of broader interest. We
introduce a principled method of selecting a pairwise information transmission param-
eter used in experimental evaluations, as well as a new performance metric which
allows for comparison of algorithms across a range of values for the parameter k.
Finally, we provide a new benchmark corpus of 174 networks drawn from 6 domains.
Our algorithms retain most of the performance of the state-of-the-art while reduc-

ing running time by orders of magnitude. Specifically, a meta-learner approach is on
average only 20% less effective than the state-of-the-art on held-out data, but about
75-130 times faster. Further, the meta-learner’s performance exceeds the state-of-
the-art on about 20% of networks, and the magnitude of its running time advantage
is maintained on much larger networks.

Author summary

A classic question in the study of how information flows over social networks is
this: Where across a network should we seed information, such as news
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about public health measures or employment opportunities, so that it spreads
well? Using a simple gossip-style model of information spread on a network, we
evaluate different algorithms for selecting a set of initial seeds and their subse-
quent performance on maximizing the minimum probability that anyone receives
the spreading information. That is, we define “spreading well” as everyone in

the network having a good chance of receiving the target information. We intro-
duce a new, large-scale benchmark of 174 networks for evaluating information
seeding algorithms, two new measures for quantifying and comparing algorithm
performance on this task, and 10 new seeding algorithms. These new algorithms
exploit theoretical insights about how network structure can influence information
access, allowing them to avoid a significant computational bottleneck present in
existing solutions and scale up to much larger networks. Finally, we show that a
meta-learning algorithm that learns which particular algorithm to run on a network,
based only on its structural signature, is more scalable than past solutions and
remains highly accurate.

1 Introduction

Influence maximization [1,2] is one of the most intensively studied problems in data
mining, machine learning, and social network analysis. Given some model of infor-
mation diffusion, commonly the independent cascade of Kempe, Kleinberg, and
Tardos [1], the task is to determine where we should seed information such that it
spreads as widely as possible. Formally, given a graph G and S C V(G), foreach ie
V(G) let 7;(S) denote the probability with which i is activated by an independent cas-
cade seeded at S; we will just write 7z; when the set S is clear. Then for a given bud-
get k, influence maximization is the problem of identifying a set S C V(G) of cardinal-
ity kK which maximizes Ziev(e) ;. This formalization naturally adapts to other models
of information diffusion, so long as node activation is a discrete, one-time event that
depends in some way on the activation states of its neighbors.

Influence maximization is commonly motivated by commercial advertising,
e.g., [2—4] but is also relevant in various other applications, including public health [5,
6], the distribution of economic opportunities [7], and the spread of scientific knowl-
edge [8]. In these applications, the desiderata include not only widespread but also
fair dissemination of information. The difficulty of the latter goal is a natural conse-
quence of structural heterogeneity in networks, i.e., maximizing the number of nodes
activated often means activating the most easily reached or best connected nodes.

Highly-connected or centrally located individuals have more opportunities to
receive and spread information [9—11], while peripheral individuals with few connec-
tions participate less often in information exchanges [10,12]. For example, in a pan-
demic, access to crucial resources—such as money, food and healthcare—is more
difficult for socially disadvantaged groups, in part due to their more limited connected-
ness in social networks [13]. Similarly, connectedness shapes employment opportu-
nities in professional social networks such as LinkedIn: well-connected job seekers
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are likely to fill lucrative openings sooner than others [14]. This situation has motivated the study of several variations of
influence maximization, for example to ensure equitable information access with respect to demographic groups [15]. In
this paper, we focus on the formulation of Fish et al. [12], which adopts a Rawi/sian [16] notion of fairness in which the goal
is to improve the information access of the worst-off individuals. We leave other notions of fairness or social equity, and
other models of information diffusion for future work.

Formally, the problem we study here is as follows:

MAXIMIN INFLUENCE MAXIMIZATION

Input: A graph G =(V,E) and an integer k.
Task: Select k vertices S C V maximizing minjcy 7;.

This maximin variant is NP-hard, and even a constant-factor approximation would imply P = NP [12], in stark contrast
to the greedy (1 — 1/e)-approximation for the standard objective [1]. However, Fish et al. show that a heuristic approach
(Myopic; see Sect 3.1) optimizes the objective well in practice. Indeed, this approach even performs well when evalu-
ated via the classic influence maximization objective, which it does not directly optimize. Unfortunately, this heuristic relies
upon repeated Monte Carlo simulations of the activation probabilities 7;, which are a severe computational bottleneck and
thereby constrain the scalability of the method; see Fig 1. Additionally, the method has only been evaluated on a small
corpus of six networks of small or modest size.

We are thus motivated to (a) introduce new algorithms which alleviate or completely avoid the bottleneck imposed by
probability estimation; (b) compare the performance of our methods against that of Myopic in a principled manner,; and
(c) expand the number and diversity of networks on which the MAXIMIN INFLUENCE MAXIMIZATION problem has been studied.

1.1 Related work and preliminaries

1.1.1 Fairness in ML and social networks. Fairness in machine learning is a well-studied area, and includes
notions of fairness based both on individual characteristics and on group demographics [17-19] (for surveys, see [20,
21]). Recently, questions of fairness of information access of individuals and demographic groups in a network have
come to the fore [12,15,22—-26]. This interest is grounded in theoretical and empirical work in social network analysis that
relates social connectivity and social capital [27,28], which builds on foundational work by Bourdieu, Loury, and Coleman,

[2]
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Fig 1. Algorithm runtime to select 10 new seeds vs. network size for algorithms in [12], averaged over 10 runs on an introduced large set of
networks (see Sect 2.1). Algorithms requiring a Monte Carlo simulation (ProbEst) to select seeds are denoted by a *.

https://doi.org/10.1371/journal.pcsy.0000094.9001
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among others. The key observation underlying this work is that in many social settings, individuals with more connec-
tions are substantially advantaged relative to those with fewer connections [29] (for many definitions of “advantage” and
“connection”).

A significant body of work focuses on estimating the probability that an individual receives information that spreads
over a network. This includes studies of seeding information at nodes to improve individual [12] or group [23,26] access;
as well as interventions to add edges [30—33] under varying notions of fairness. Other work considers notions of group
fairness based on the network structure [25,34,35]. Saxena, Fletcher, and Pechenizkiy provide a recent survey of such
work [36]. Fair clustering of individuals has also received significant attention, e.g., [37].

1.1.2 Independent cascade. Considerations about the access of individuals to resources in a network build on struc-
tural concerns about social networks pioneered by Granovetter [38]. Necessary in any such study is a clear model for the
dynamics of information propagation. Numerous models exist, notably including the independent cascade, generalized
independent cascade, and linear threshold models [1,39,40]. A standard choice, also adopted in this paper, is the inde-
pendent cascade, which can be defined via an iterative spreading process. At each step i, some subset S; of nodes is
activated, beginning with an initial seed set S= S;. Inround i + 1, each edge uv withu e S;, v¢ Ujsi S; activates v inde-
pendently with probability «. The process stops after the first round i in which no nodes are activated, i.e., S;= @, and a
node v is said to be activated by the cascade if it is activated in any round, i.e., ve |J S..

1.1.3 Probability estimation. Important in any analysis of independent cascades is the ability to measure the proba-
bility 7r; with which node i is activated. Unfortunately, exact computation of 7; is #P-hard [2]. The standard approach is to
estimate these values via reverse influence sampling (RIS) [41,42], which may also be thought of as performing a series
of Monte Carlo simulations of the cascade process. Theoretical bounds on the number of simulations needed to satisfy
a given error tolerance ¢ have a quadratic dependence on ¢ in addition to quasilinear dependence on network size [42],
and so in practice it is common to fix a reasonable number R of simulations, e.g., R = 1000. Algorithms for influence
maximization and related problems then invoke a linear-time (regarding R as a constant) subroutine, referred to here as
ProbEst, to provide estimated 7; values. In practice, however, algorithms requiring such a subroutine can be orders of
magnitude slower than those avoiding probability estimation altogether; we again refer to Fig 1. In the influence maximiza-
tion literature, much effort has been expended to lessen the complexity of ProbEst while retaining quality guarantees,
e.g., [43-45], as well as to empirically compare various strategies [46]. In this work, our approach is to develop methods
which avoid RIS entirely and evaluate the resulting solution quality via empirical comparison against the state-of-the-art.
A purely heuristic approach, while difficult to accept for the classic influence maximization problem, is palatable in our set-
ting because strong inapproximability bounds are known for MAXIMIN INFLUENCE MAXIMIZATION even in the presence of an
oracle which perfectly computes the 7; values [12].

1.2 Summary of contributions

Network corpus. We introduce a large and structurally diverse corpus of 174 networks which serves as a novel bench-
mark for both our algorithms and the state-of-the-art.

Spreadability. We introduce a novel metric we call spreadability, which enforces mathematical rigor in the assessment
of a particular choice of the parameter a as “low’- or “high”-spreading for a given network, under the independent cascade
model of information transmission. We use this framework to select appropriate a values for each network in our corpus,
ensuring that we can fairly measure algorithm performance under multiple distinct regimes of information spread.

Performance metric. We introduce a novel performance metric 8 that accounts for varying choices of budget k, ran-
dom number generator seeding, and the impracticality of precisely measuring the problem objective. This metric allows us
to fairly and systematically compare algorithm performance across many networks.

Algorithms. We introduce 10 new algorithms for the MAXIMIN INFLUENCE MAXIMIZATION problem, which we partition into
three categories. The first two replace the Monte Carlo simulations used by the state-of-the-art to estimate activation
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probabilities5cc8f;[dpspfpgc =v with heuristics based on breadth-first search and personalized page rank. The complex-
ity of our subroutines is similar to the Monte Carlo approach, but the hidden constants are vastly improved, and this is
reflected in improved running times. The third category of algorithms eliminates probability estimation entirely, instead
using topological features of the network to inform seed selection.

Evaluation, meta-learning, and scalability. We conduct a comprehensive evaluation of our methods, together with
a comparison against the state-of-the-art (Myopic [12]). We show that on most networks at least one of our new algo-
rithms is nearly as effective as or even more effective than Myopic. Meanwhile, our algorithms are much faster, improv-
ing on the running time of Myopic by factors of 10—-10,000. We then define a novel meta-learner, which uses only cheap-
to-compute structural features of a network to predict which algorithm will be most effective on that network. This meta-
learner recovers roughly 80% of the performance of Myopic while reducing running time by factors of about 75-130.
These improvements in running time persist even on several much larger networks.

2 Network corpus and evaluation methods
2.1 Network corpus

In order to investigate the effects of network structure on algorithm performance, we construct a corpus of 174 networks
from six domains: biological (34), social (44), economic (43), technological (32), transportation (17), and informational (4).
We include non-social networks in our study in order to more fully characterize the behavior of algorithms on structurally
diverse real-world networks. When relevant, we report our results by domain, so that social and non-social networks can
be contrasted. An overview of the corpus is presented in Fig 2, with summary statistics in Table A in S1 File.

Networks were curated from the Index of Complex Networks [47], a large-scale index of research-quality networks
spanning all domains of science, as well as the Netzschleuder network catalogue and repository [48] and the corpus of
Ghasemian, Hosseinmardi, and Clauset [49]. All networks included in our corpus are simple graphs, meaning their edges
are undirected, unweighted, and there are no self-loops. Further, they are unipartite, i.e., they only have one type of node.

Past work on such corpora indicates that domains (and even subdomains, e.g., online social networks vs. offline social
networks) are highly distinguishable based on their structure alone [50]. Hence, a specific effort was made to (i) balance
the classes, so that no domain was more than 25% of the corpus, (ii) avoid over-representing networks from particular
sources (e.g., Twitter follower networks), and (iii) ensure that the minimum network size was large enough to provide good
results for information spreading tasks (minimum number of nodes n,,,;, = 500). These choices improve the breadth and
variety of network structure represented in the corpus, and its utility in the analyses of this study.

E 1024 ey
o A + Transportation
g Technological
g Biological
o 10t9° ® : e Social
o) OO @ i % . .
o Economic
o s ,
> Informational
103 10 10°

number of nodes, n

Fig 2. Average degree of a network as a function of network size (number of nodes) for the corpus of 174 networks from 6 distinct domains
used in our study.

https://doi.org/10.1371/journal.pcsy.0000094.g002
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2.2 Spreadability

Background. In our work, we leverage the independent cascade model [1] to study the spread of information in networks
and estimate ;. Given a network G and a set of activated nodes Q C V, we grow a forest on G under the independent
cascade model by flipping a coin for each edge e;, where i€ V\Q, j € Q, exactly once, so that j is added to Q on a suc-
cessful flip. Each edge e; is considered as a transmission path at most once, and we define the probability of successful
transmission to be a. We note that mathematically, it is equivalent to conceptualize the independent cascade as follows:
delete every edge in the graph independently with probability (1 — «); the set Q of activated nodes is exactly the set of
nodes that remain reachable from the seed set S. As noted earlier, computing the exact probability of activation for a node
i, denoted 7;, is #P-hard [2]. As such, we adopt the standard Monte Carlo simulation approach, but return later to consider
practical consequences of this choice.

Briefly, using ProbEst, given transmission probability o, number of simulation rounds R, and a seed set S, we
estimate 7; for every i € V using R independent cascades originating from S [12]. The worst-case time complexity of
ProbEst is O(R(|S| + 2m)) [12], where m is the number of edges in G. In practice, the computational cost of ProbEst
increases both as the seed set grows and as «a increases, because both changes tend to increase the size of the induced
information cascades. Past work used R = 1000 as a balance between statistical accuracy for 7z; and computational cost,
and we follow this precedent [12]. Here, ProbEst is used as a subroutine in some algorithms, as well as to evaluate the
performance of algorithms by estimating the achieved minimum activation probability of a computed seed set.

Selecting « values. Prior work evaluated algorithm performance using transmission probabilities o € {0.3, 0.4, 0.5} [12].
However, the resulting information cascades, and hence the associated access probabilities, are not a simple function
of a; they instead also depend on the network’s structure. For example, denser, more connected networks contain many
more paths by which information can spread than do sparse networks. Hence the same « will tend to produce larger cas-
cades on the former, and smaller cascades on the latter. To control for these structure-induced differences in informa-
tion cascades, we introduce the concept of spreadability, which jointly accounts for the impact of network structure and
transmission rate o on the sizes of information cascades.

We can construct a fine-grained spreadability function that relates a particular choice of « to the fraction of a network
activated under the independent cascade model from a uniformly random initial seed. For a given a, the spreadability f(c)
on a particular network the fraction of nodes that are activated from a uniformly random initial seed, averaged over R ftri-
als. This calculation produces a monotonically increasing curve, as seen in Fig 3. We find that computing spreadability for
each a €{0.01,0.02,...0.99} provides ample resolution to choose « close to target spreadabilities of 0.2,0.5,0.8 (which we

i
f|: =
=" 0.8+
> 071 —
= 0.61 o — spreadability
§ 8:451: = = |ow spreading
© 0.31 med. spreading
S 8:%:_ P I high spreading

0.0 . . ;

0.00 0.16 0.39 0.67 1.00

activation probability, a

Fig 3. Spreadability on a network is quantified by the average fraction of a network’s nodes (|T|)/n in a tree T grown through an independent
cascade from a random initial seed for a given «. We define ‘low’, ‘medium’, and ‘high’ spreadability as the « that activates, on average, 20%, 50%,
and 80% of the network, respectively.

https://doi.org/10.1371/journal.pcsy.0000094.g003
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refer to as “low,” “medium,” and “high” spreadabilities respectively). We set R = 1000, as the spreadability curve tends to
stabilize near this value and we get diminishing returns for larger R.

2.3 New metric for algorithm evaluation

There are several reasons it is not straightforward to compare the performance of algorithms, even with a fixed network
and «a value. First, we do not want to make strong assumptions about the “most useful” value for the parameter k (the
number of seeds to be added), and it is possible that algorithm A obtains a better objective score (the minimum activation
probability 7,;,) than algorithm A’ for one value of k, but not for another. Moreover, many algorithms (in particular those
using ProbEst) have some randomness. Finally, even our analysis of the quality of a solution is inexact; recall that exact
computation of the r,;, achieved by a seed set S is #P-hard [2]. Thus, our ability to compare two solutions is limited by
the precision of ProbEst.

We overcome these challenges by introducing a metric 3, which intuitively measures the marginal gain in the prob-
lem objective (the minimum activation probability 7,;,) which we can expect when asking an algorithm to add one addi-
tional seed. Formally, for a given algorithm A, network G, independent cascade parameter a, and budget k, we run A on
(G, a, k) and record a value 7,,,(k) indicating the achieved objective score. We repeat for each k € {1, 2, ..., 10}, computing
the points (k, 7in(k)) € N X [0, 1]. We then record the slope 4 of the line of best fit for these points. We repeat the entire
process multiple (generally 20) times, producing slopes 4, 82, .... The metric § is the mean of these values, i.e., the aver-
age slope of the line of best fit; see Fig 4. Henceforth, when comparing the performance of algorithms, we do so via the
metric 3.

3 Algorithms for fair information access
3.1 Algorithms from prior work

Four previously introduced heuristics for choosing seed nodes to maximize r ,;, are Greedy, Myopic, Naive Myopic
and Gonzalez, along with Random as a baseline for comparison [12]. Random selects k seeds by uniformly sampling
nodes from the network. Given a partial seed set, Gonzalez selects as the next seed the node that is the furthest (in the
shortest-path metric) from all nodes in the current set [12]. The Greedy algorithm iteratively selects a new seed by choos-
ing the node with the highest marginal gain relative to the current seed set according to ProbEst. Due to its immensely
high computational cost, Greedy is not practical for most networks [12], and is not used in our study.

§ 1.0

=~ 09' ====
ié 0.8 1

o 0.7 1

(7))

$ 0.6 ——- Myopic BFS
§ 0.5+ Gonzalez

c 0.4+

€03 —

o
=
N
w

4 5 6 7 8 9 10
seed set size, k

Fig 4. Minimum access probability 77, vs. seed set size k, with a best fit line (Myopic B = 0.039), averaged over 20 runs, evaluated on a large
economic network (n = 2113 nodes, m = 57927 edges), with o« = 0.4 and a budget of k = 10 seeds, plus one random initial seed.

https://doi.org/10.1371/journal.pcsy.0000094.g004
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In contrast, Myopic uses ProbEst with the current seed set, and selects as the next seed the node with the lowest 7;.
Naive Myopic is similar to Myopic, but only runs ProbEst once, at initialization, and then selects as the seed set the
k nodes with the lowest 7; values. In past work, on a small set of networks, Myopic was found to perform best. However,
because Myopic depends on ProbEst, it is computationally expensive, which limits its applicability to large networks. In
practice, Myopic is always the second slowest algorithm, after Greedy [12].

Algorithm initialization. Myopic, Naive Myopic, and Gonzalez all start with an initial seed. Past work chose this
initial seed to be the highest degree node. Our initial experiments indicate that this choice confers a substantial advan-
tage to these methods (Fig 5), and that some of the previous positive results are thus attributable to this initial seed choice
rather than to the algorithms’ subsequent choices. To mitigate this bias we instead initialize all heuristics with a seed set
composed of a single uniformly randomly selected initial seed. Moreover, for each evaluation round on a particular net-
work, we initialize all algorithms to use the same random seed, which further controls for the effects of different initial seed
choices. This initial seed choice is not counted against the budget k (Fig 4).

3.2 New fast algorithms

In addition to the four heuristics from prior work, here we introduce 10 new heuristics to maximize the minimum 7; on a
budget. These heuristics are designed to be computationally lightweight, scaling to far larger networks, while also match-
ing or exceeding the performance of Myopic on the corpus. We group the new algorithms into three families: BFS-based,
PPR-based and Topology-based.

BFS-based: Myopic BFS and Naive Myopic BFS. In the two BFS-based heuristics, Myopic BFS and Naive
Myopic BFS, we swap the ProbEst component of Myopic and Naive Myopic with a simple breadth-first search to
estimate 7;. The breadth-first search component is initialized with a random seed kj, and transmission probability «. It
proceeds to “peel” the network, starting at kj, in breadth-first fashion, estimating 7; for each node as the probability that i
receives a transmission from k; through any nodes it connects to in the previous BFS layer, as well as through nodes it is
connected to in its own layer. All subsequent iterations update existing 7; estimates during the breadth-first traversal from
new candidate seeds.

While this approach does not exactly measure 7, it is much faster than probEst, taking O(n-(k)) per iteration, because
for most networks, including those in our corpus, the mean degree (k) < 1000 (Fig 2). The key design principle of this
algorithm is to capture complex network structures that Gonzalez could not account for. In Fig 4, we find that Myopic
BF'S almost matches Myopic’s performance in situations where Gonzalez lags behind.

PPR-based: Myopic PPR and Naive Myopic PPR. In the PPR-based heuristics, Myopic PPR and Naive Myopic
PPR, we use Personalized PageRank (PPR) to estimate 7; instead of ProbEst or BFS. Personalized PageRank (imple-
mented with networkx [51]) performs a random walk that probabilistically restarts from nodes in the seed set [52]. The

‘0.25 ’0.25 .1 ’0.11
0.5 0.5

0.56 0.22
1 0.43
0.75 0.22

0.5
‘0.25 1 ‘0.11 ’ 1

Fig 5. lllustrations of two runs of Myopic for different initial seeds (red), with new selected seeds (yellow), and fixed « = 0.5. Numbers indicate
7 for each node after the new seed is selected. Initialization significantly affects the performance of Myopic.

https://doi.org/10.1371/journal.pcsy.0000094.g005
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ranking produced by PPR is not a direct estimate of r;; we treat the PPR values as being correlated, such that a lower
PPR score is a proxy for a lower 7; value.

Topology-based: LeastCentral and MinDegree. These heuristics are based on the intuition that nodes with low 7;
values have distinctive structural positions or patterns of connectivity. LeastCentral selects the non-seed node i with
the lowest closeness centrality ¢; as the next seed. Similarly, LeastCentral n selects the lowest centrality node i’s
highest degree neighbor as the next seed. Here, the closeness centrality of a node i is the inverse of the average short-
est path length from i to all other reachable nodes in the same connected component [53,54]. Lower closeness centrality
implies the node is less reachable by the rest of the network, and therefore is expected to have lower ;.

The four remaining topology-based heuristics exploit a network’s degree structure to make decisions, based on the
observation that in practice Myopic tends to select nodes with low degree as seeds. The first two heuristics take a non-
seed node with the lowest degree, breaking ties by choosing the node with the lowest harmonic centrality [54,55] among
same-degree nodes. In the case of MinDegree hc, it chooses that node itself as the next seed, while MinDegree hcn
chooses the highest-degree neighbor of that node. The two remaining variations replace harmonic centrality in the afore-
mentioned logic with the neighbor degree, i.e. breaking ties by choosing the node with the highest neighbor degree (sum
of degrees across neighbors). These heuristics are called MinDegree nd and MinDegree ndn, respectively.

Recall from Sect 1 that strong approximation lower bounds are known. Indeed, most of the algorithms proposed here
have worst-case approximation factors which are exponentially small as a function of n; Sect E in S1 File. The same is
true of the current state-of-the-art [12]. Our approach will be to evaluate algorithms based on their empirical performance
on real-world networks.

4 Experimental results
4.1 Performance of algorithms on the corpus

We evaluate and compare the performance of 14 algorithms in total (10 new algorithms and 4 from prior work),

applied to all 174 networks in the corpus. Our code and data are available at htips://github.com/TheoryInPractice/
FairlnfoAccessHeuristics. We are interested in algorithms that operate well on a tight budget and so let k€ {1, 2, ..., 10}
seed nodes. For each spreadability level (low, medium, high), we produce a 10 x 14 x 174 matrix, where each entry is
the § performance of an algorithm after adding k seeds in a network, averaged over 20 runs. We focus on the medium
spreadability regime here, and include results for low and high spreadability Sect C in S1 File. Fig 6 displays the mean
performance of each algorithm on networks by domain under medium spreadability (see Fig A in S1 File for low and high
spreadability results). Across domains, Myopic produces the best average performance.

To further examine the results, we sort within each domain by network size in ascending order, and then score algo-
rithms as better than, “equivalent” to (within one std. err.), within 80% of, or worse than Myopic (see Fig 7); low and high
spreadability results in Fig B in S1 File. In this way, we can assess whether the better average performance of Myopic
applies to individual networks compared to other algorithms. This experiment reveals that Myopic is not universally the
best algorithm for all networks in any spreadability setting; on many individual networks other algorithms perform equiv-
alently or better. In the medium spreadability setting, for only 24% of networks is there no algorithm that performs at least
80% as well as Myopic (Fig 7).

This variability in performance across networks suggests that network structure plays a critical role in governing the
relative performance of different algorithms. Fig 8 plots the instances for which each algorithm was the best performing
algorithm on a network against that network’s mean degree (k). Myopic tends to perform better on networks with lower
average degree, although it also performs well on many networks with larger mean degree. In practice, we find that the
final seed set produced by Myopic is often composed primarily of low-degree nodes located in a network’s periphery, and
these nodes may be too far removed from other disadvantaged nodes to meaningfully improve their 7; values.
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Fig 6. Mean performance of the intervention algorithms on each domain in the corpus under medium spreadability. Each algorithm’s
performance is averaged over a given domain, 20 runs per network.
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Fig 7. Performance of intervention algorithms on the network corpus, relative to Myopic and sorted in ascending order by network size within
each domain. Under medium spreadability, 24% of networks have no algorithm better than or within 80% of Myopic’s performance. “Equivalent” is
defined as within one standard error of 3 for Myopi c; typically about 0.001.

https://doi.org/10.1371/journal.pcsy.0000094.9007

A second takeaway is that a few specific algorithms tend to perform better than Myopic in certain settings (Fig 8),
specifically MinDegree hcn and Gonzalez. The performance of MinDegree hcn in particular tends to improve over
Myopic with increasing average degree, while Gonzalez does best in networks with very low mean degrees. Further-
more, we note that in Fig A in S1 File, on average MinDegree hcn outperforms Myopic in the economic domain, and
from Table A in S1 File, we see that the economic domain has the highest mean degrees. The MinDegree hcn algorithm
selects as seeds the highest-degree neighbors of low-degree nodes. As result, new information cascades seeded at these
nodes will tend to spread quickly to a number of disadvantaged nodes in the network.

4.2 Algorithm runtime

We evaluate all algorithm runtimes on the corpus, selecting k=10 new seeds, averaged over 10 runs. For fair comparison,
we run all algorithms on a single core of an AMD Ryzen 5900X, overclocked to 5.00Ghz, with 32GB RAM, and measure
the runtime in milliseconds. Two major performance bottlenecks are ProbEst, used by Myopic and Naive Myopic,
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and an All-Pairs-Shortest-Paths (APSP) computation, used by Gonzalez, LeastCentral, LeastCentral n, MinDe-
gree hc, and MinDegree hcn. Both ProbEst and APSP have efficient parallel implementations, but we restrict them to
a single core to ensure fair comparison with other algorithms.

All of the new algorithms are substantially faster than Myopic and Naive Myopic (Fig 9). Because they only require
sorting two lists, MinDegree ndn and MinDegree nd are the most efficient, improving running times over ProbEst-
based algorithms by a factor of 1000-10000x, depending on the size of the network (Fig 9). BFS-based algorithms are
marginally slower than these fastest algorithms, and algorithms that use an All-Pairs-Shortest-Paths (APSP) calculation
fall between the ProbEst and BFS algorithm groups. As expected from the asymptotics, BF'S algorithms tend to scale
more slowly (in terms of runtime) with network size than do ProbEst algorithms, while APSP algorithms scale more
quickly (Fig 9).

The low upfront cost of APSP-based algorithms makes them far faster than ProbEst-based algorithms in many prac-
tical settings, being 10-100x faster on networks with less than n = 10%. However, the asymptotic cost of APSP is cubic
in the network size, implying that for sufficiently large networks, ProbEst will be faster. For our corpus, we estimate the
crossover point when Myopic becomes more efficient than MinDegree hc to occur between 1,262,000 and 1,515,000
nodes (95% ClI, from 1000 bootstraps). However, approximation algorithms for APSP could potentially extend their prac-
tical efficiency much further.

4.3 A fast meta-learning algorithm

We can exploit the variability in algorithm performance, and the fact that even among non-Myopic algorithms no alter-
native is superior on all networks, by introducing a meta-learner algorithm that combines multiple scalable heuristics to
approximate the state-of-the-art performance of the Myopic algorithm. We compare this algorithm to a fast ensemble
algorithm that uses an oracle to make perfect predictions about which scalable algorithm is best to apply on a particular
test network, thus providing an upper bound on the meta-learner’s possible performance.
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The meta-learner algorithm leverages the scalability of non-ProbEst algorithms while retaining good overall perfor-
mance under all spreadability regimes. The task is as follows: given a particular network G and knowledge of the infor-
mation’s spreadability (low, medium, or high), select the scalable algorithm with the best marginal benefit 5 for improving
information access.

As shown previously, many of the heuristics do not perform well, and so we begin by narrowing the set of available
algorithms. For each of the three spreadability settings, we select the set XX of five algorithms (excluding Myopic and
Naive Myopic) that maximize the number of networks for which at least one among the set performs at least 80% as
well as Myopic. This produces sets

o .')Chigh={Gonzales, LeastCentral, Myopic BFS,
Naive Myopic BFS, MinDegree hc}
* X medum={Gonzales, Myopic BFS, Myopic PPR,
MinDegree hc, MinDegree hcn}
* X ow={Gonzalez, Myopic BFS, Myopic PPR,
MinDegree hcn, MinDegree ndn}

For the meta-learner algorithm, we then learn a 5-way random forest classifier to predict the best algorithm in X to
apply to a given network, using nine of the network’s topological features as the feature set (Fig E in S1 File). We train
and evaluate the meta-learner approach using an 80-20 train-test split among networks in the corpus, with meta-learner
algorithm selection and model training both performed on the training set, and we report the mean performance over the
test set. The meta-learner’s runtime is the runtime of the trained model and the single algorithm it selects.

In the fast ensemble algorithm, for a given network in the corpus, the oracle runs all algorithms in X and evaluates the
performance of each using ProbEst to calculate their respective s, and then returns the single algorithm with the high-
est 3 for that network. In this way, the oracle acts like an optimal classifier over X (cf. the meta-learner algorithm). The
runtime of the fast ensemble algorithm is simply that of the single algorithm it selects.

Compared to Myopic, the meta-learner is dramatically more efficient, with an average runtime that is 76.26 + 64.07
times faster under medium spreadability (Fig 10) and 133.35 + 79.32 times faster under high spreadability (Fig G in S1
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File). Improvement in scalability comes with a modest cost to performance, such that the meta-learner produces § val-
ues that are, on average, 20.11% + 29.34 lower than those of Myopic under medium spreadability (with similar results for
high); we note that the wide variance in these numbers reflects the broad range of difficulty across networks in the corpus.
In contrast, the fast ensemble algorithm’s performance is only 9.34% +28.34 lower for medium spreadability (similar results
for high), indicating both room for improvement by the meta-learner with a better feature set as well as an upper limit to
that improvement with the current scalable algorithms. We note, however, that lower performance is not universal: for 34
and 22 networks (20% and 12.8%), the meta-learner outperforms Myopic on medium and high spreadability, respectively
(Fig 10, and Fig G in S1 File). Under low spreadability, the fast meta-learner’s average performance generally exceeds

Myopic because of the inherent precision limitation of ProbEst in this setting.

4.4 Scaling to larger networks

In this section, we verify that our methods remain much faster than Myopic even on much larger networks. We consider
two networks, Email Network (EU Research Institution) (which we shorten to Email (EU)) and Google+ (2013). These
have ~ 34 thousand and ~ 87 thousand nodes, respectively; other summary statistics are reported in Table B in S1 File.
On these networks, we evaluate Myop1ic against the five algorithms in X4y, as defined in Sect 4.3: Gonzales, Least
Central, Myopic BFS, Naive Myopic, BFS, and MinDegree hc. We use high-spreadability « values. We ran these
experiments on identical hardware equipped with 40 physical cores (Intel(R) Xeon(R) Gold 6230 CPU @ 2.10 GHz) and
19100 MB of RAM. As with the smaller networks, the budgets tested are ke {1,2, ..., 10}.

We change several parameters from our previous runs so that our experiments are better suited to the size of these
networks. After initial experiments with the number of Monte Carlo simulations in ProbEst set to R = 1000, it became
clear that 1000 simulation rounds was not enough for networks with tens of thousands of nodes, as some of our evalu-
ations produced a negative . With exact probability computations, 7, would monotonically increase with each seed
added, so 8 < 0 indicates highly inaccurate estimations. Thus, we increase the number of Monte Carlo simulations to R =
10000 in order to better estimate 7; for large networks. However, due to the increase in simulation rounds and network
size, running ProbEst to evaluate the algorithms’ performances is extremely expensive. To balance between computa-
tion time and a thorough analysis, we run only 3 trials of our algorithms with high-spreadability « values. We also use only
1000 simulations when executing the spreadability computations (recall Sect 2.2) to select the appropriate a. We note that
calculating the target a would have required approximately 30 days of compute time for Google+ (2013) with R = 10000.
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After using 1000 simulations to complete the spreadability computations, we tested the selected « values with R = 10000,
verifying that they activate on average 78.9% and 79.4% of Email (EU) and Google+ (2013), respectively, which is quite
close to the target activation percentage of 80%.

As with the broader corpus, when evaluated on the two larger networks, the five representative algorithms from X4,
are orders of magnitude faster than Myopic, with some of the algorithms maintaining seed choice quality compara-
ble to Myopic. Indeed, the slowest of the algorithms from Xy, is 135 times faster than Myopic on Email (EU), and 96
times faster on Google+ (2013). These results (see Fig 11) indicate that the running time advantage of our methods over
Myopic is not diminished on networks much larger than those in the corpus of Sect 2.1. Moreover, the performance loss

of our methods (relative to Myopi c) is similar (though slightly greater) to that observed for the larger corpus; see Fig J in
S1 File.

5 Discussion and conclusion

We evaluate a set of new algorithms on a large and structurally diverse network benchmark, and introduce a meta-
learning method for choosing k seed nodes to maximize the minimum access probability zz; of a node in a network. The
meta-learner achieves a large (75x) speedup over the existing state-of-the-art, with only a modest decrease in perfor-
mance. The Monte Carlo method for estimating a node’s information access, which is the basis of the existing state-of-
the-art, has high computational costs that limit the applicability of algorithms that rely on it. In contrast, the algorithms we
introduced here scale-up to much larger networks by leveraging insights from network theory and meta-learning.
These findings highlight the utility of taking a pluralistic approach to algorithm design for maximizing the minimum
access probability on a network: our systematic investigation revealed that no algorithm was the best, or the worst, on
every network in our benchmark. Although the meta-learner is highly accurate at selecting the best heuristic given a
particular network’s structural features, future work could improve this performance by developing and incorporating
new lightweight heuristics that exploit other relationships between access and network structure. The two metrics we
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Fig 11. Runtime of Myopic and the algorithms of X' g, on five social networks of various sizes under high spreadability: Norwegian Board of
Directors (2006), Amherst41, ca-HepTh-snap, Email (EU), and Google + (2013). Numbers in the plot indicate how much slower Myopic is than the
second-slowest algorithm for that network.

https://doi.org/10.1371/journal.pcsy.0000094.g011
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introduce—spreadability, which standardizes performance comparisons across networks, and 3, which standardizes per-
formance comparisons across algorithms—should facilitate such future work.

A key conclusion from our investigation is that the structure of the network plays a significant role in the performance
of the algorithms, with average degree being a particularly important factor, along with degree assortativity, mean path
length, and the degree distribution’s variance. These findings may have implications for the design of intervention strate-
gies that aim to improve information access of the disadvantaged individuals in real networks.

Finally, future work may also consider different models of how information spreads across a network, such as the linear
threshold model for “complex contagions,” the invitation-aware diffusion (IAD) model [56], and the independent cascade
with invitation (ICI) model [56], as well as alternative definitions of access, e.g., group-level access, or other models of
social advantage or disadvantage. Work in these directions would have many benefits. It would help shed new light on the
more general questions of fairness and access in networks. It would clarify the degree to which meta-learning approaches
can adapt to different models of information spread or alternative objective functions. And, it would better connect algorith-
mic work with real-world systems and potential interventions.

Supporting information

S1 File. Algorithm definitions and supplementary results for individual algorithms and meta-learner, including on
large networks.
(PDF)
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