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 Influence maximization (IM) seeks a set of k seed users that maximizes the expected 

spread of influence in a social network. Because IM is NP-hard and computing the 

spread is #P-hard, simulation-based greedy algorithms achieve near-optimal spread but 

scale poorly, whereas fast heuristics often sacrifice much of the achievable spread. This 

paper proposes HNoF (Heuristic based on Neighbors of Friends), a greedy heuristic that 

restricts candidates to the two-hop neighbors of the current seed that are not its direct 

friends and ranks them by their marginal gain in the Expected Diffusion Value (EDV), 

a closed-form one-hop approximation of spread under the Independent Cascade (IC) 

model. This restriction prunes most of the graph at each iteration, and the EDV score 

replaces Monte Carlo simulation during seed selection. A derived closed-form 

expression for the EDV marginal gain shows how HNoF penalizes overlapping 

neighborhoods. HNoF was compared with General Greedy, LIR, SAEDV and DDSE 

on four real-world networks (NetHEPT, NetPHY, Epinions1 and Slashdot0902) under 

the IC model (p = 0.01, k = 5–50). On the two collaboration networks, it came within 

about 1–4% of the spread of General Greedy at k = 50 while running roughly four orders 

of magnitude faster. On all four networks, it achieved the largest spread among the 

scalable methods, exceeding DDSE by about 1–6%, although at a higher running time 

than DDSE and SAEDV on the largest networks. Combining a locality-constrained 

candidate set with an analytical spread estimate thus offers a favorable balance between 

spread and efficiency. 
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1. INTRODUCTION 

1.1. Background and motivation 

Online social networks have become a primary channel through which people share opinions, emotions, news 

and ideas [1]. As both the number of users and the intensity of their engagement keep growing, these platforms have 

also turned into powerful instruments for advertising and marketing [2]. A firm with limited resources, however, 

cannot distribute a product or message to every user within a short period. The practical question is therefore whom 

to target first so that adoption spreads as widely and as quickly as possible through interpersonal ties. Viral marketing 
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answers this question by identifying a small number of influential individuals and relying on word-of-mouth 

propagation, much as a virus spreads from one host to another, to carry the message to the rest of the network [3, 4]. 

This targeting problem is formalized as the influence maximization (IM) problem. An IM instance has three 

essential components: (i) the seed set, the users who are activated at the outset and from whom diffusion starts; (ii) 

the influence spread, the expected number of users who are active at the end of the diffusion process; and (iii) the 

computational time required to identify the seed set. IM therefore seeks the seed set that maximizes the spread of 

information within a feasible time budget [5]. Beyond viral marketing, IM supports political-campaign analysis, 

opinion formation, link prediction and recommender systems [2], and a large body of work has addressed its 

algorithmic aspects [6–14]. 

Domingos and Richardson [4] first framed the problem algorithmically in a probabilistic setting. Kempe et al. [15] 

then formulated IM as a discrete stochastic optimization problem, proved that it is NP-hard under the Independent 

Cascade (IC) and Linear Threshold models, and showed that, because the spread function is monotone and 

submodular, a simple greedy algorithm (General Greedy) achieves a (1 − 1/e − ε) approximation [16]. General 

Greedy, however, estimates spread by Monte Carlo (MC) simulation and needs O(k n R) simulations, where n is the 

number of nodes and R the number of MC rounds. This makes it impractical even for networks of moderate size 

[15]. 

1.2. Research gap 

Subsequent research has followed two broad directions. Acceleration of the greedy framework (e.g., lazy 

evaluation, edge-sampling snapshots, and reverse-influence sampling) preserves approximation guarantees but still 

requires substantial computation or memory. Heuristic, centrality-based, community-based and metaheuristic 

methods are much faster but give up guarantees and often lose a considerable share of the achievable spread, 

particularly in sparse, low-probability regimes where influence remains local. As reviewed in Section 2, most 

methods improve either spread or running time. Achieving a balance between high spread and low running time 

therefore remains an open and practically important challenge [17, 18]. 

Two specific gaps motivate the present study. First, most fast heuristics select seeds from a global ranking of all 

nodes (e.g., by degree or a local index) and only a posteriori discount overlap between seeds. They do not exploit 

the structural fact that, under low propagation probabilities, the useful candidates for the next seed are those that are 

close enough to existing seeds to benefit from shared social context, yet far enough away to avoid redundant 

coverage. Second, analytical spread estimators such as the Expected Diffusion Value (EDV) [19] have mainly been 

used as fitness functions inside stochastic metaheuristics (SAEDV, DDSE), whose results vary from run to run and 

whose quality depends on parameter tuning. Their use inside a deterministic, candidate-restricted greedy procedure 

has received little attention. 

1.3. Contributions 

To address these gaps, this paper proposes HNoF (Heuristic based on Neighbors of Friends), a deterministic 

greedy heuristic for IM under the IC model. Its main contributions are as follows: 

A locality-constrained candidate set. At every iteration, HNoF considers as candidates only the neighbors of 

the friends of the current seed, i.e., nodes at distance exactly two that are not direct friends of the seed. Such nodes 

share at least one mutual friend with an active seed, whose activation probability is therefore raised, while their own 

one-hop neighborhoods overlap less with that of the seed. Restricting the search to this set removes most nodes from 

the computation at each step. 

Analytical greedy scoring. Candidates are ranked by the marginal gain in EDV, so no MC simulation is needed 

during seed selection. We derive a closed-form expression for this marginal gain (Equation 4) that makes explicit 

how HNoF rewards new coverage and penalizes overlap with already-covered nodes. It also gives an O(d(v)) 

evaluation cost per candidate. 

Empirical evidence of a favorable spread–efficiency balance. On four real-world networks of different scales, 

HNoF attains spread close to General Greedy and the highest spread among the scalable baselines, at a running time 
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several orders of magnitude lower than General Greedy. We also report and analyze its running-time disadvantage 

relative to the fastest metaheuristics, which delimits where the method is most useful. 

1.4. Organization 

Section 2 reviews related work. Section 3 states the problem and the diffusion model. Section 4 describes HNoF, 

including a worked example and a complexity analysis. Section 5 presents the experimental setup and Section 6 the 

results. Section 7 discusses the findings, their implications and limitations, and Section 8 concludes the paper. 

2. RELATED WORK 

IM is NP-hard, so no polynomial-time exact algorithm is known, and researchers have proposed a variety of 

approximate and heuristic approaches. We group them into five families. 

2.1. Simulation-based greedy algorithms and their accelerations 

Kempe et al. [15] introduced General Greedy, which iteratively adds the node with the largest MC-estimated 

marginal gain in spread. Despite its approximation guarantee and high spread, the large number of simulations makes 

it inefficient on large networks. Leskovec et al. [20] proposed CELF, which exploits submodularity through lazy 

evaluation to avoid recomputing marginal gains that cannot change the selection. CELF was reported to be up to 

700 times faster than General Greedy but remains slow on large graphs; CELF++ [21] further reduced the number 

of spread evaluations. Chen et al. [22] proposed NewGreedyIC, which uses the equivalence between the IC model 

and live-edge graphs [15, 23] to evaluate the marginal gains of all nodes from a single sampled snapshot, and 

NewGreedyWC, which uses Cohen’s randomized reachability estimation for the weighted-cascade model. Both 

reduced the running time of General Greedy and CELF, but further improvement was still necessary. Cheng et 

al. [24] introduced StaticGreedy, which reuses a fixed set of snapshots across iterations; its variant StaticGreedyDU 

is efficient but was reported to give lower spread in some settings. 

2.2. Reverse-influence-sampling algorithms 

A more recent line of work estimates spread through reverse reachable sets [25]. TIM [26] and IMM [27] achieve 

a (1 − 1/e − ε) approximation in near-linear expected time. TipTop [3] pushes accuracy close to exact solutions on 

billion-scale networks. These methods dominate the theoretical landscape, but their memory consumption grows 

quickly as ε decreases and as p increases. 

2.3. Heuristic and centrality-based algorithms 

Chen et al. [22] proposed Degree Discount, which selects high-degree nodes but discounts the degree of nodes 

adjacent to already-selected seeds. It is extremely fast but offers no approximation guarantee. Narayanam and 

Narahari [28] proposed SPIN, which ranks nodes by their Shapley value in a cooperative game; it requires little 

memory but yields notably lower spread than greedy methods. Wang et al. [29] proposed MIA, which localizes 

spread computation to maximum influence arborescences whose paths have probability above a threshold θ. MIA 

avoids MC simulation and is fast, but its accuracy depends on the choice of θ. Goyal, Lu, and Lakshmanan [30] 

proposed SIMPATH for the Linear Threshold model, which builds on CELF and estimates spread by enumerating 

simple paths; it runs efficiently but does not guarantee the approximation ratio. Morone et al. [31] proposed 

Collective Influence (CI), grounded in optimal percolation, which restricts computation to a ball of radius ℓ around 

each node; it performs well on dense networks, but both its accuracy and its running time depend on ℓ and on k. Liu 

et al. [32] proposed LIR, which computes for each node a local index LI, the number of neighbors with a higher 

degree, and selects nodes with LI = 0 in descending order of degree; LIR is relatively fast but not optimal in selecting 

influential nodes. Rui et al. [33] improved on LIR with reversed node ranking (RNR), which is efficient but does not 

always avoid the rich-club effect, in which several seeds are chosen from the same densely interconnected core. 

Ahajjam and Badir [34] proposed Hybrid Rank, which combines centrality measures and explicitly avoids the rich-

club effect, but without an approximation guarantee. Wu et al. [13] proposed LAIM, a linear-time iterative method 

that estimates node influence locally; it is very fast but likewise lacks guarantees. Chen et al. [35] proposed 
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LUGreedy for robust IM, in which edge probabilities are uncertain. This brings the problem closer to real conditions, 

but the quality of the robust solution depends on the seed budget and the width of the uncertainty intervals. Xie et 

al. [36] proposed IRR under the membership-based MBIC model, which uses an idea similar to Degree Discount 

and allows node states beyond active/inactive; its performance depends on k. 

2.4. Community-based algorithms 

Chen et al. [37] proposed CIM, which detects communities and selects seeds based on them; it is efficient but 

without approximation guarantees. Shang et al. [9] proposed CoFIM, which evaluates spread within and across 

communities and is efficient, but it does not account for overlapping nodes. Shang et al. [10] proposed IMPC, based 

on multi-neighbor potential in community networks. Banerjee et al. [6] proposed ComBIM for the budgeted IM 

problem, which allocates a budget to each community and selects seeds based on node value; the allocation does not 

fully reflect community characteristics. Qiu et al. [38] proposed PHG, a three-phase improvement of CoFIM that 

selects some seeds heuristically and the rest greedily; its spread and running time depend on the split between the 

two phases. 

2.5. Metaheuristic algorithms 

Jiang et al. [19] proposed simulated annealing (SA) for IM, which achieved higher spread than DegreeDiscount 

at a high computational cost. They then introduced SAEDV, which replaces simulation with the analytical Expected 

Diffusion Value (EDV) to evaluate candidate solutions. SAEDV is much faster but does not reach the spread of SA. 

Cui et al. [8] proposed DDSE, an evolutionary algorithm based on differential evolution with a degree-descending 

search strategy that also uses EDV as its fitness function to accelerate the search; its results are competitive on some, 

but not all, datasets. 

2.6. Positioning of the present study 

Table 1 summarizes the trade-offs discussed above. Greedy and sampling-based methods provide guarantees at 

the cost of computation or memory. Heuristics are fast but rank nodes globally and handle overlap only indirectly. 

Metaheuristics use analytical estimators such as EDV but are stochastic and parameter-sensitive. HNoF combines 

the deterministic greedy principle with the analytical EDV estimator and a structurally motivated, two-hop candidate 

set. This combination has not, to our knowledge, been examined in the studies reviewed above. 

Table 1. Summary of representative IM algorithms. 

Family Algorithms Main strength Main weakness 

Simulation-based 

greedy 

General Greedy, CELF, CELF++, 

NewGreedy, StaticGreedy 

High spread; (1 − 1/e − ε) 

guarantee 

High running time on 

large graphs 

Reverse-influence 

sampling 

TIM, IMM, TipTop Guarantee with near-linear time High memory for small ε 

or large p 

Heuristic / 

centrality 

DegreeDiscount, SPIN, MIA, 

SIMPATH, CI, LIR, RNR, 

HybridRank, LAIM, IRR 

Very fast No guarantee; sensitive to 

parameters or overlap 

Community-

based 

CIM, CoFIM, IMPC, ComBIM, PHG Scales via decomposition Depends on community 

quality; overlap handling 

Metaheuristic SA, SAEDV, DDSE Flexible; analytical fitness 

(EDV) 

Stochastic; parameter 

tuning; variable spread 

Proposed HNoF Deterministic; two-hop 

candidate pruning; analytical 

marginal gain 

No approximation 

guarantee (see Section 

7.5) 

3. PROBLEM FORMULATION 

3.1. Notation 
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A social network is modeled as a graph G = (V, E, w), where V = {v1, …, vn} is the set of nodes (users), E = {e1, 

…, em} is the set of edges (relationships), and w: E → (0, 1] assigns to each edge (u, v) a propagation probability puv. 

In the experiments of this paper, a uniform probability puv = p = 0.01 is used for every edge, which is a standard 

setting in the IM literature [19, 22]. Undirected networks are treated as directed graphs with arcs in both directions. 

N(v) denotes the (out-)neighbors of v, d(v) = |N(v)| its degree, and N(S) = ∪v∈S N(v) \ S the neighbors of a set S outside 

S. The nodes at hop distance exactly l from v are denoted Nl(v). 

3.2. Independent Cascade model 

The IC model is one of the most widely used diffusion models [11, 12, 15, 17, 18, 39]. Each node is either active 

or inactive, and activation is irreversible. Diffusion unfolds in discrete time steps. At t = 0 only the seed nodes in S 

are active. When a node u becomes active at step t, it has a single chance to activate each currently inactive neighbor 

v, succeeding with probability puv independently of all other attempts. If it succeeds, v becomes active at step t + 1. 

Only nodes activated at step t attempt activations at step t + 1. The process terminates when no further node can be 

activated [15]. 

3.3. The influence maximization problem 

Let A(S) be the (random) set of nodes that are active when the IC process started from S terminates. The influence 

spread of S is its expected size, σ(S) = 𝔼[|A(S)|]. Given a budget k, the IM problem is to find 

𝑆∗ = argmax
𝑆⊆𝑉, |𝑆|=𝑘

 𝜎(𝑆).           (1) 

Under the IC model, σ(·) is monotone and submodular, so the greedy algorithm that repeatedly adds the node 

with the largest marginal gain σ(S ∪ {v}) − σ(S) achieves σ(S) ≥ (1 − 1/e) σ(S*) when σ is evaluated exactly [15, 

16]. Exact evaluation of σ is #P-hard [23], however, so it is usually estimated by MC simulation, which is the main 

computational bottleneck. 

3.4. Expected Diffusion Value 

To avoid simulation, Jiang et al. [19] proposed the Expected Diffusion Value, a one-hop approximation of σ(S): 

𝐸𝐷𝑉(𝑆) = 𝑘 + ∑ (1 − (1 − 𝑝)𝜏(𝑖))𝑖∈𝑁(𝑆) ,         (2) 

where k = |S|, p is the propagation probability, N(S) is the set of neighbors of the nodes in S excluding S itself, and 

τ(i) = |N(i) ∩ S| (more precisely, the number of in-neighbors of i that belong to S) is the number of seeds that can 

directly attempt to activate i. The term 1 − (1 − p)τ(i) is the exact probability that i is activated in the first diffusion 

step. EDV therefore counts the seeds plus the expected number of their direct neighbors activated at step one. When 

p is small, multi-hop activations are rare and EDV is a close and inexpensive surrogate for σ. 

4. THE PROPOSED METHOD: HNOF 

4.1. Rationale 

HNoF rests on two observations. The first concerns where good candidates are. A node v at distance two from an 

active seed s shares at least one mutual friend u with s. If both s and v are seeds, u receives two independent activation 

attempts and is activated in the first step with probability 1 − (1 − p)2 ≈ 2p rather than p. This exploits the reinforcing 

role of mutual friends emphasized in the social-contagion literature [40]. At the same time, v is not a direct friend of 

s. Most of its own neighborhood therefore lies outside the area already covered by s, which limits the redundancy 

that arises when adjacent hubs are selected together (the rich-club effect) [34]. Direct friends of a seed, by contrast, 

are already partially covered: selecting them wastes part of their own activation probability and adds mainly 

overlapping coverage. 

The second observation concerns how to score candidates. Because σ is expensive to evaluate, HNoF uses the 

marginal gain of EDV, which can be computed in closed form from local information. 
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4.2. Algorithm description 

The general framework of HNoF is shown in Figure 1. It consists of six steps: (1) initial selection, (2) 

identification of candidate nodes for the current seed, (3) filtering of candidates, (4) computation of the expected 

diffusion value, (5) seed selection and (6) the termination check. 

 

Fig.1. General framework of the HNoF algorithm. 

Step 1: Initial selection. All nodes are sorted in descending order of degree, and the node with the highest degree 

is added to S as the first seed. This node also becomes the current seed. 

Step 2: Candidate identification. The nodes located at distance l = 2 from the current seed are identified as 

candidates. These are the neighbors of the friends of the current seed. As explained in Section 4.1, if a node is active 

and a neighbor of its friend is also active, their mutual friend is very likely to be influenced. For this reason only 

neighbors of friends of the current seed are allowed to become candidates and take part in the computation at this 

step. 

Step 3: Candidate filtering. A node found in Step 2 may be both a neighbor of a friend of the current seed and 

a direct friend of that seed, for example when the seed, a friend and the node form a triangle. Such nodes, as well as 

nodes already in S, are removed, so that the candidate set becomes 

𝐶 = ( ⋃
𝑢∈𝑁(𝑠𝑐𝑢𝑟)

𝑁(𝑢)) \(𝑁(𝑠𝑐𝑢𝑟) ∪ 𝑆).         (3) 

Step 4: Expected diffusion value. For each remaining candidate v ∈ C, EDV(S ∪ {v}) is computed with Equation 

(2). Rather than recomputing Equation (2) from scratch, the marginal gain can be obtained directly. Adding v to S 

increases the seed count by one. If v was already a neighbor of S, its first-step activation term is no longer counted. 

Each neighbor u of v receives one more activation attempt, which raises its term from 1 − (1 − p)τ(u) to 1 − (1 − 

p)τ(u)+1. Hence 

𝛥(𝑣 ∣ 𝑆) = 𝐸𝐷𝑉(𝑆 ∪ {𝑣}) − 𝐸𝐷𝑉(𝑆) = 1 − 𝟙[𝑣 ∈ 𝑁(𝑆)](1 − (1 − 𝑝)𝜏(𝑣)) + 𝑝∑ (1 − 𝑝)𝜏(𝑢)𝑢∈𝑁(𝑣)\𝑆  (4) 
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Equation (4) makes the behavior of HNoF transparent. A candidate gains p for every neighbor that is not yet 

covered (τ(u) = 0) and a geometrically discounted amount p(1 − p)τ(u) for every neighbor that is already covered. If 

the candidate itself is already a neighbor of the seed set, it is additionally penalized. Overlap with existing coverage 

is thus discouraged without any MC simulation. 

Step 5: Seed selection. In the manner of General Greedy, the candidate that maximizes the marginal influence 

Δ(v | S) is added to S and becomes the new current seed. 

Step 6: Termination check. Steps 2–5 are repeated until |S| = k. If the candidate set of the current seed becomes 

empty before k seeds have been selected (for instance, in a small component or when all two-hop nodes have already 

been chosen or excluded), the candidate search restarts from the earliest seed in S, then from the next one, and so 

on, in insertion order. After termination, the influence spread of the final seed set is evaluated by MC simulation 

under the IC model (Section 5.3). This simulation is used only for evaluation, not for selection. 

Algorithm 1. gives the pseudocode. 

Algorithm 1. HNoF 
Input : graph G = (V, E), propagation probability p, budget k 
Output: seed set S, |S| = k 
1:  s ← argmax_{v ∈ V} d(v);  S ← {s};  s_cur ← s           ▷ Step 1 
2:  initialise τ(u) ← 1 for u ∈ N(s), else 0 
3:  while |S| < k do 
4:      C ← ( ∪_{u ∈ N(s_cur)} N(u) ) \ ( N(s_cur) ∪ S )      ▷ Steps 2–3 
5:      if C = ∅ then 
6:          s_cur ← next seed of S in insertion order; continue 
7:      for each v ∈ C do compute Δ(v | S) by Eq. (4)         ▷ Step 4 
8:      v* ← argmax_{v ∈ C} Δ(v | S)                            ▷ Step 5 
9:      S ← S ∪ {v*};  s_cur ← v* 
10:     for each u ∈ N(v*) do τ(u) ← τ(u) + 1                  ▷ update coverage 
11: return S                                                    ▷ Step 6 

4.3. Illustrative example 

Figure 2 illustrates one iteration of HNoF, in which the third seed is selected. Suppose that S = {9, 6}, where node 

9 (the highest-degree node, d = 7) was selected in Step 1 and node 6 is the current seed. The direct friends of node 6 

are N(6) = {1, 2, 7, 13, 14}. Their neighbors at distance two from node 6 are {3, 8, 9, 15, 20}. Removing the seed 9 

yields the candidate set C = {3, 8, 15, 20}, marked in red in Figure 2(a). Panels (b)–(e) show the neighborhoods that 

enter the EDV computation for each of the four candidates. With p = 0.01, Equation (4) gives Δ(15 | S) ≈ 1.0496, 

Δ(8 | S) ≈ 1.0396, Δ(20 | S) ≈ 1.0298 and Δ(3 | S) ≈ 1.0196. Node 15 is not adjacent to any seed and has five 

neighbors, four of which are already covered once (8, 7, 16, 14) and one of which is uncovered (21). It therefore 

yields the largest marginal gain. Node 8 has a comparable number of neighbors, but it is itself a neighbor of seed 9 

and is penalized accordingly. As shown in Figure 2(f), node 15 is added to S as the third seed and becomes the 

current seed for the next iteration. 
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Fig. 2. An illustrative iteration of HNoF. (a) Seeds (green) and candidate nodes (red) for current seed 6; (b)–(e) EDV 

evaluation for each candidate; (f) node 15 selected as the third seed. 

4.4. Computational complexity 

Step 1 requires O(n log n) time for sorting, or O(n) to find the maximum-degree node. At iteration t, Steps 2–3 

enumerate at most Σu∈N(scur) d(u) ≤ dmax
2 two-hop nodes. Using Equation (4) with maintained τ values, Step 4 

evaluates each candidate v in O(d(v)) time, and the update in line 10 costs O(d(v*)). The total cost of seed selection 

is therefore 

𝑂 (𝑛 + ∑ ∑ 𝑑𝑣∈𝐶𝑡
𝑘
𝑡=1 (𝑣))  ⊆  𝑂(𝑛 + 𝑘 𝑑max

3 ),        (5) 

which is independent of the number of MC rounds and, for networks with moderate maximum degree, much 

smaller than the O(k n R · m) worst-case cost of General Greedy. If EDV(S ∪ {v}) is instead recomputed from scratch 

with Equation (2), each evaluation costs O(Σu∈S∪{v} d(u)). This cost grows with |S|, and candidate sets around hubs 

can be large in heavy-tailed networks. The memory requirement is O(n + m) for the graph and the τ array. 
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5. EXPERIMENTAL SETUP 

HNoF was evaluated on four real-world datasets and compared with representative algorithms from three families, 

in terms of influence spread and the running time required to select the k seeds of S. All algorithms were run in the 

same simulation environment. 

5.1. Datasets 

The datasets differ in scale, density and type of relationship (Table 2). NetHEPT is the arXiv collaboration 

network from the “High Energy Physics – Theory” section, covering papers from 1991 to 2003; each node is an 

author and each edge indicates co-authorship of at least one paper [22]. NetPHY is the arXiv co-authorship network 

from the “Physics” section, with the same node and edge semantics [22]. Epinions1 is the who-trusts-whom network 

of the consumer-review site Epinions.com; each node is a member and each directed edge represents a trust relation 

[41]. Slashdot0902 is the network of the technology-news site Slashdot, collected in February 2009, in which users 

tag one another as friends or foes [42]. The last two datasets were obtained from the Stanford Large Network Dataset 

Collection [43]. 

Table 2. Statistics of the datasets used in the experiments. 

Dataset Type Nodes Edges Average degreea 

NetHEPT Undirected, collaboration 15,233 58,891 7.73 

NetPHY Undirected, collaboration 37,149 231,507 12.46 

Epinions1 Directed, trust 75,879 508,837 6.71 

Slashdot0902 Directed, friend/foe 82,168 948,464 11.54 

a 2m/n for undirected networks; average out-degree m/n for directed networks. 

5.2. Baseline algorithms and parameter settings 

HNoF was compared with General Greedy (a simulation-based greedy method), LIR (a heuristic), and SAEDV 

and DDSE (metaheuristics). The parameter settings are listed in Table 3. They follow the settings reported in the 

original studies or common practice. 

Table 3. Parameter settings of the compared algorithms. 

Algorithm Family Parameters 

General 

Greedy [15] 

Simulation-based 

greedy 

MC rounds R = 10,000; p = 0.01; IC model 

LIR [32] Heuristic Nodes with LI = 0 selected by descending degree; spread evaluated with R = 

10,000, p = 0.01 

SAEDV [19] Metaheuristic 

(simulated annealing) 

Random initial solution; initial temperature T0 = 500,000; final temperature Tf 

= 100,000; cooling decrement ΔT = 2,000; inner-loop iterations q = 10; EDV 

fitness 

DDSE [8] Metaheuristic 

(differential evolution) 

Crossover rate CR = 0.4; mutation rate F = 0.1; diversity threshold = 0.6; 

maximum iterations MaxIt = 200; EDV fitness 

HNoF 

(proposed) 

Greedy heuristic Candidate distance l = 2; p = 0.01; EDV marginal gain (Eq. 4) 

General Greedy was not run on Epinions1 and Slashdot0902 because its running time on these networks was 

prohibitive (Section 6.2). 

5.3. Evaluation metrics and protocol 
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Two metrics were used, consistent with the objective of HNoF to achieve high spread with acceptable running 

time. Influence spread is the expected number of nodes activated by the k initially active nodes in S under the IC 

model with p = 0.01. For every algorithm and every k ∈ {5, 10, …, 50}, it was estimated as the average over R = 

10,000 MC simulations, so that all algorithms are evaluated with the same estimator. Running time is the wall-clock 

time, in seconds, required to find the final k = 50 nodes of S. 

5.4. Experimental environment 

All experiments were conducted on a machine running Windows 10 with an Intel® Core™ i5-5200U processor 

(2.20 GHz) and 8 GB of RAM. 

6. RESULTS 

6.1. Influence spread 

Figure 3 shows the influence spread of the compared algorithms on the four datasets. The x-axis is the number of 

initially active nodes, from k = 5 to k = 50, and the y-axis is the resulting spread. Table 4 reports the values at k = 

50. 

 

Fig. 3. Influence spread under the IC model with p = 0.01 on (a) NetHEPT, (b) NetPHY, (c) Epinions1 and (d) Slashdot0902. 

NetHEPT (Figure 3a). General Greedy achieves the largest spread, followed very closely by HNoF; the two curves almost 

coincide over the entire range of k (≈134 vs. ≈133 at k = 50). DDSE, LIR and SAEDV follow in that order. DDSE is close to 

HNoF for k = 5–20 but falls progressively behind for k = 20–50 (≈125 at k = 50). 

NetPHY (Figure 3b). General Greedy is again the best, followed by HNoF, DDSE, LIR and SAEDV. The gap between 

HNoF and General Greedy is largest for small k (≈86 vs. ≈105 at k = 5) and narrows to about 4% at k = 50 (≈301 vs. ≈314). 

SAEDV performs very poorly on this dataset, and its curve is non-monotonic in k. 

Epinions1 (Figure 3c). Since General Greedy was not run, HNoF achieves the largest spread (≈663 at k = 50), followed by 

DDSE (≈640), SAEDV (≈540) and LIR. LIR saturates early at around 340 nodes. 

Slashdot0902 (Figure 3d). HNoF again attains the largest spread (≈1,255 at k = 50), closely followed by DDSE (≈1,245), 

and then SAEDV (≈1,170) and LIR (≈975), whose curve flattens after k ≈ 15. 

6.2. Running time 
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Running time, the time required to find the k seed nodes of S, is shown in Figure 4 on a logarithmic scale for k = 

50 (MC rounds R = 10,000 where applicable). Across all datasets the ranking from fastest to slowest is SAEDV, 

DDSE, HNoF, LIR and General Greedy. General Greedy required on the order of 106 seconds even on the two 

smallest networks (≈1.4 × 106 s on NetHEPT and ≈4.6 × 106 s on NetPHY). HNoF required ≈45 s and ≈2.8 × 102 s, 

respectively, a reduction of about four orders of magnitude. On NetHEPT and NetPHY the running times of DDSE 

and HNoF are of the same order (≈33 s vs. ≈45 s and ≈1.3 × 102 s vs. ≈2.8 × 102 s). On the larger Epinions1 and 

Slashdot0902 networks the gap widens: HNoF is roughly 7 and 13 times slower than DDSE, respectively, while 

remaining about 2 and 3.5 times faster than LIR. 

 
Fig. 4. Running time (seconds, logarithmic scale) of the compared algorithms for k = 50. 

Table 4. Influence spread at k = 50 and running time of the compared algorithms. Values are read from Figures 3 and 4 and 

rounded; “–” indicates that the algorithm was not run. 

Dataset Metric General Greedy HNoF DDSE LIR SAEDV 

NetHEPT Spread ≈134 ≈133 ≈125 ≈110 ≈92 

 Time (s) ≈1.4 × 106 ≈45 ≈33 ≈1.3 × 103 ≈7 

NetPHY Spread ≈314 ≈301 ≈290 ≈226 ≈129 

 Time (s) ≈4.6 × 106 ≈2.8 × 102 ≈1.3 × 102 ≈1.1 × 104 ≈27 

Epinions1 Spread – ≈663 ≈640 ≈342 ≈540 

 Time (s) – ≈1.4 × 104 ≈2.0 × 103 ≈2.7 × 104 ≈1.2 × 102 

Slashdot0902 Spread – ≈1,255 ≈1,245 ≈973 ≈1,170 

 Time (s) – ≈4.5 × 104 ≈3.5 × 103 ≈1.6 × 105 ≈3.2 × 102 

6.3. Spread–efficiency trade-off 

Taken together, Figures 3 and 4 locate HNoF on the efficient frontier of the spread–time trade-off on all four 

datasets. No compared method obtains a larger spread in less time. General Greedy obtains slightly more spread 

only at a cost four orders of magnitude higher. DDSE and SAEDV run faster but obtain less spread, and LIR is both 

slower and less effective. The size of the advantage is dataset-dependent. HNoF’s spread advantage over DDSE is 

largest on NetHEPT (≈6% at k = 50) and smallest on Slashdot0902 (<1%), whereas its running-time disadvantage 

relative to DDSE is smallest on NetHEPT and largest on Slashdot0902. 

7. DISCUSSION 

7.1. Interpretation of the results 
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Why HNoF approaches General Greedy on collaboration networks. At p = 0.01 the IC process is strongly 

subcritical on all four networks: the expected number of activations per edge attempt is small, and most of a seed’s 

influence is exerted on its immediate neighborhood. In this regime the one-hop EDV is a close surrogate for σ, so 

greedy maximization of EDV marginal gains closely mimics greedy maximization of σ. This explains why HNoF 

almost coincides with General Greedy on NetHEPT. Collaboration networks are also highly clustered, because co-

authors of a paper form cliques. Equation (4) penalizes candidates whose neighborhoods are already covered, and 

the two-hop restriction steers selection away from the dense cliques around existing seeds. The larger gap on 

NetPHY at small k is consistent with this interpretation. NetPHY has a higher average degree, so multi-hop cascades, 

which EDV ignores, contribute relatively more to σ for the first few high-degree seeds. As k grows, overlap 

avoidance becomes more important than raw reach, and the gap narrows. 

Why HNoF outperforms DDSE and SAEDV. All three algorithms optimize the same objective (EDV). The 

differences therefore stem from the search strategy rather than the objective. SAEDV starts from a random solution 

and explores the solution space stochastically. With a finite cooling schedule (200 temperature levels × 10 inner 

iterations), it cannot reliably find high-EDV solutions in large spaces. This is reflected in its poor spread on NetPHY 

and in its non-monotonic curves, since SAEDV re-solves the problem independently for each k, so a larger budget 

does not guarantee a superset of the previous solution. DDSE uses a degree-descending initialization and an 

evolutionary search, which explains its competitiveness. Its population-based search, however, still samples only 

part of the space. HNoF evaluates every candidate in a structurally relevant subset at each step and deterministically 

selects the best one. Its spread curves are therefore smooth and monotone, and it outperforms DDSE consistently, if 

modestly. 

Why LIR saturates. LIR selects nodes that are local degree maxima (LI = 0) in descending order of degree. In 

heavy-tailed directed networks such as Epinions1 and Slashdot0902, after the first few hubs the remaining LI = 0 

nodes are either low-degree peripheral nodes or nodes whose neighborhoods heavily overlap with those of the hubs. 

This is a form of the rich-club effect [33, 34]. LIR has no mechanism to account for this overlap, so its marginal 

spread vanishes and its curve becomes flat. HNoF’s explicit overlap penalty in Equation (4) prevents this saturation. 

Why HNoF is slower than DDSE on the large networks. According to Equation (5), the cost of HNoF depends 

on the size of the two-hop neighborhoods it explores, which grows quadratically with the degree of the current seed. 

In Epinions1 and Slashdot0902, seeds selected by HNoF are often hubs with large two-hop neighborhoods, so each 

iteration evaluates many candidates. DDSE’s cost is governed by its population size and iteration limit, which do 

not grow with node degree. The observed widening of the running-time gap from NetHEPT to Slashdot0902 is 

consistent with this analysis. It also suggests that efficient incremental evaluation (Equation 4), candidate sampling, 

or capping the candidate set for very high-degree seeds would substantially reduce HNoF’s running time without 

changing its selection logic. 

7.2. Relation to previous studies 

The near-optimality of greedy EDV maximization in the low-p regime agrees with Jiang et al. [19], who found 

that EDV correlates closely with simulated spread for small propagation probabilities, and with Chen et al. [22], 

who showed that degree-discount heuristics, which also reason one hop away, perform well in this regime. The 

improvement of HNoF over DDSE complements Cui et al. [8]. Using the same objective, a deterministic, structurally 

restricted greedy search can match or exceed an evolutionary search, at the cost of more evaluations on hub-

dominated graphs. The saturation of LIR is in line with the motivation of RNR [33] and HybridRank [34], which 

were proposed precisely to address the rich-club weakness of local-index ranking. The emphasis HNoF places on 

neighbors of friends is conceptually related to the role of mutual friends and wide bridges in social contagion [40]. 

It shows that this sociological insight can be translated into an effective search-space restriction for IM. 

7.3. Theoretical implications 

This study contributes to the IM literature in three ways. First, it shows that a structural restriction of the candidate 

set, based on hop distance and friendship, can be combined with a greedy criterion without a large loss of spread in 

sparse diffusion regimes. Candidate pruning is therefore a viable alternative to global ranking. Second, the closed-
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form EDV marginal gain (Equation 4) makes explicit an overlap-penalty mechanism that is implicit in the EDV-

based metaheuristics. It also provides a principled link between degree-discount heuristics, which apply a discount 

per covered neighbor, and simulation-based greedy algorithms. Third, the results characterize when one-hop 

analytical surrogates are adequate (low p, clustered networks) and when they are not (multi-hop cascades, small k 

on denser graphs), which can guide the choice of estimator in future algorithm design. 

7.4. Practical implications 

For practitioners in viral marketing, information campaigns or public-health messaging, HNoF offers a 

deterministic and parameter-light method: apart from p and k, only the candidate distance l = 2 must be set. It yields 

reproducible seed sets of high quality, which is valuable when campaign decisions must be audited or justified. On 

networks with tens of thousands of nodes, it selects 50 seeds in seconds to minutes on commodity hardware, 

compared with days to weeks for General Greedy. When the network is very large and dominated by hubs and time 

is the binding constraint, a faster metaheuristic such as DDSE may be preferable, at the cost of a small reduction in 

spread. The choice between the two methods can therefore be guided by the relative value of additional reach versus 

computation time. 

7.5. Limitations and future research 

Several limitations should be considered when interpreting the results. (1) HNoF does not provide an 

approximation guarantee. EDV ignores multi-hop activations, and the two-hop restriction may exclude the globally 

best candidate. (2) Experiments were limited to the IC model with a uniform probability p = 0.01. Performance under 

the weighted-cascade and Linear Threshold models, under heterogeneous or learned probabilities, and at larger p, 

where multi-hop cascades matter more, remains to be investigated. (3) The baselines did not include state-of-the-art 

reverse-influence-sampling algorithms (e.g., IMM, TIM) or lazy-evaluation greedy methods (CELF, CELF++), 

which are the standard benchmarks for spread and efficiency. (4) The stochastic baselines (SAEDV, DDSE) were 

reported from single runs; repeated runs with mean and dispersion, and statistical comparison (e.g., Wilcoxon 

signed-rank tests across k values), would make the comparisons more robust. (5) Running times depend on 

implementation language and data structures, and all algorithms were measured on a single commodity machine. (6) 

The largest network contains fewer than 106 edges, so scalability to networks with hundreds of millions of edges 

was not demonstrated. (7) The sensitivity of HNoF to the candidate distance l and to the choice of the first seed was 

not examined. 

Future work should address these points by: incorporating CELF-style lazy evaluation and incremental τ updates; 

capping or sampling candidate sets around hubs; extending the candidate definition to l-hop neighborhoods with 

adaptive l; adapting HNoF to the Linear Threshold model and to community-aware, budgeted, competitive and time-

critical IM variants; and benchmarking against IMM and TIM on billion-edge graphs. 

8. CONCLUSION 

The influence maximization problem in social networks seeks k nodes with the greatest influence over a short 

period. To balance the number of finally activated nodes against the time needed to find the seeds, this paper 

proposed HNoF, a heuristic that selects seeds greedily using an analytical estimate of the expected diffusion value 

of candidate nodes. The key idea is to consider as candidates only the nodes that are neighbors of the friends of the 

current seed. Identifying these nodes and involving only them in the spread computation substantially reduces the 

number of evaluations and increases the speed and scalability of the algorithm. We also derived a closed-form EDV 

marginal gain that explains how HNoF favors new coverage and penalizes overlap. Experiments on four real-world 

networks under the IC model showed that HNoF attained spread within about 1–4% of General Greedy on the 

collaboration networks, at a running time roughly four orders of magnitude lower, and achieved the highest spread 

among the scalable baselines on all datasets. Its running time was higher than that of DDSE and SAEDV, particularly 

on large hub-dominated networks, which identifies a clear direction for future optimization. Overall, HNoF provides 

a simple, deterministic and effective option for practitioners who need high-quality seed sets at acceptable 

computational cost. 
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