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ABSTRACT

Social networking services (SNS) have become indispensable communication tools.
Consequently, influencer marketing, which leverages users with a significant influence
on SNS, has garnered significant attention. Among these influencers, micro-
influencers, who have substantial influence within specific domains, are particularly
interesting to both academia and industry. This study proposes evaluation indices
that can effectively select micro-influencers for product promotion using follower data
and past posts from SNS accounts. Specifically, we propose four evaluation indices
for micro-influencers: Virality, Commonality, Expertise and Credibility (VC-EC indices).
VC indices are based on network features, whereas EC indices are based on language
features. In this study, we present the concepts and specific calculation methods for
the proposed indices. In addition, we demonstrate how to discover micro-influencers
using the proposed methods with practical examples from accounts operated by
actual stores.

Keywords: Social networking service, Influencer marketing, Micro-influencers, Social network
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INTRODUCTION

In recent years, social networking services (SNS) have become widely popular
globally and have established themselves as communication tools. SNS refers
to services that have functions to promote and support connections between
people, with the value of the service stemming from communication among
users. According to a survey by ICT Research Institute, the number of
SNS users has reached 82.7 million, with over 80% of domestic Internet
users reported to be using SNS (ICT Research & Consulting Inc., 2022).
Under these circumstances, the use of SNS in the field of marketing is
becoming essential. Such marketing initiatives that utilize SNS are called
social media marketing (SMM). From an academic perspective, research
on SMM is actively conducted in the fields of marketing and consumer
behavior. Through a systematic review focused on the marketing field,
Mari has classified the research areas related to SMM into four categories:
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eWOM/UGC, social listening, community, and communication channel
(Mori. H, 2023).

Focusing on specific research topics, influencer marketing, which is
a general term for marketing utilizing influencers on SNS, is attracting
significant attention from both industry and academia. The term “influencer”
originates from the word “influence,” meaning impact, inspiration, or
effect, and refers to people or things that have a substantial impact
on society. Specifically, they include celebrities, fashion models, athletes,
experts, and individual bloggers with a strong influence on the Internet.
On the other hand, users who do not have influence in the real
world but have approximately 10,000 to 100,000 followers are called
micro-influencers. Many micro-influencers gain influence by disseminating
specialized information in specific domains on SNS; in their areas of
expertise, they can even surpass the influence of real-world influencers.
Micro-influencers are gaining attention in business because they are more
cost-effective than influencers and are expected to have strong promotional
effects in specific domains.

In a study focusing on the role and impact of influencers on consumer
behavior, Chen et al. proposed and tested an integrated model to explain
the role of advertising value and source credibility (Chen. L and Shupei. Y,
2019). The results indicated that the informational value, trustworthiness,
attractiveness, and similarity positively influenced “trust in branded posts”
and “trust in branded posts” influenced brand awareness and purchase
intentions. Jiang evaluated the role of live commerce streamers as influencers
(Jiang. Y, 2022). The results showed that influencers act as intermediaries
between brands and customers, positively influencing customer engagement.

Some studies have attempted to identify influencers using social media
data. Kitajima et al. targeted multiple cosmetic brands, obtained data
on consumer connections (follow-follower relationships), and clarified the
network structure formed among users (Kitajima. Y, et al., 2022). They
identified micro-influencers for each brand, as well as mega-influencers
in the cosmetics industry. Zhang et al. measured the similarity between
brands and influencers using hashtags on social media and demonstrated the
effectiveness of their proposed method (Zhang. Y, et al., 2023). Yamamoto
et al. proposed a method for predicting the rise and fall in Bitcoin prices
based on influencers’ tweets, suggesting that influencers’ tweets could affect
cryptocurrency prices (Yamamoto. H, et al., 2019).

As exemplified by these studies, research on influencers includes efforts
to clarify hypotheses about the roles and impact of influencers based on
qualitative data, such as surveys using structural equation modelling, as well
as studies aimed at identifying and utilizing influencers using actual data on
connections and texts related to influencers. However, in practice, when
engaging in influencer marketing, it is necessary to find the right person
among many candidates to promote a company’s products or services. In
other words, the candidates must be evaluated and selected based on certain
criteria. Currently, many companies that conduct influencer marketing focus
on the number of followers, which represents the number of subscribers a user
has (degree in the network structure). Number of subscribers is an important
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indicator of information dissemination. However, as mentioned previously,
micro-influencers with tens of thousands of subscribers, who can be expected
to have a significant impact in specific domains, may be overlooked if
only the number of subscribers is considered. Discovering micro-influencers
requires a more precise evaluation from multiple perspectives, such as
the attributes of candidates, network attributes, and past posts. This
study proposes quantitative evaluation metrics for micro-influencers that
focus on the connections between followers and posted texts. Specifically,
we propose evaluation indices based mainly on connection and posting
information obtained from X using social network analysis and natural
language processing.

UNDERSTANDING NETWORK STRUCTURES AND EXAMINING
FEATURES FOR EVALUATION INDICES

First, we present an overview of our research on store account characteristics
using a social network analysis (Morooka. R, et al., 2023). Social network
analysis, based on graph theory, is an analytical method that explores the
relationship structures among components in various subjects, such as human
relationships, distribution networks, and webpage links.

We obtained store follower data using XAPI and conducted social network
analysis. The target stores are Stores A and B, located in Tokyo and operated
by a company running electronics retail stores. Store A primarily sells home
appliances and PC-related products, whereas Store B primarily sells anime-
related goods. For the analysis, we used data on user IDs, account names, and
other information of the followers of Stores A and B (referred to as primary
followers in this study), as well as data on users following these primary
followers (referred to as secondary followers in this study). Store A had 1,445
primary followers and 1,554,035 secondary followers, whereas Store B had
3,702 primary followers and 2,955,182 secondary followers. However, we
excluded accounts that we determined were operated by companies from our
analysis. Using these data, we constructed social networks for Stores A and
B. In these networks, nodes represent primary followers and edges represent
the presence of common secondary followers between primary followers,
with the number of common secondary followers used as the edge weight.
We also performed community detection on the constructed social networks.
Based on the edge list and weights that indicate the node connections in
each store, community detection was performed using the Modularity Q
(Newman. M. E. ] and Girvan. M, 2004) (Equation (1)).

1 kik;
Q:EZ[A,j—Z—mI}é(Q,C/) (1)

i
where, m represents the sum of the weights of all edges in the network, Aj;
represents the weights of the edges of node i and node j, k; represents the sum
of the weights of the edges bound to node 7 and k; represents the sum of the
weights of the edges bound to node j. ¢ is the Kronecker delta, ¢; represents
the community to which node 7 belongs and ¢; represents the community to
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which node j belongs. In this study, we performed community detection using
the Louvain method (Traag. V. A, et al., 2019) with modularity.

As a result of community detection, five communities were identified in
Store A and four communities were identified in Store B. Based on the results
of community detection, we attempted to understand the characteristics of
each community. Specifically, we reviewed the profiles of the top ten accounts
with the highest PageRank in each community. The results for Stores A and
B are listed in Tables 1 and 2.

Table 1. Characteristics of accounts with high pagerank in each community (Store A).

Community Characteristics of Community Number of Users
No.
0 Giveaway accounts 573
1 Personal accounts related to games 341
(including PC) and anime
2 Giveaway accounts 47
3 Store accounts related to electronics retail 79
stores and home appliances
4 Store accounts related to electronics retail 24

stores and home appliances

Table 2. Characteristics of accounts with high pagerank in each community (Store B).

Community Characteristics of Community Number of Users
No.
0 Accounts that post news about anime 987
and manga, and information related to
hobbies
1 Personal accounts of anime enthusiasts, 314
artists, and hobbyist gamers
2 Accounts of electronics retail stores 47
3 Corporate accounts that sell home 30

appliances and stationery

Table 1 shows that among the followers of Store A, there is a large
community (Number 0) consisting of accounts aimed at giveaway campaigns.
Another large community (Number 1) comprised of personal accounts
related to games, anime, and PC games.

From Table 2, it is evident that in the large communities (Numbers 0 and 1)
of Store B, many accounts post news about anime and manga, as well as
information related to hobbies. This indicates that these communities were
composed of users interested in anime and manga.

Furthermore, in both networks, it was found that small communities
(Store A: Number 3 and 4, Stores B: Numbers 2 and 3) included many
accounts of nearby electronics retail stores and major electronics retail stores.

The results of these analyses reveal that despite the stores being in the
same chain, the interests and concerns of followers differ between stores. It
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was also found that both Stores A and B have communities formed around
the categories of products they handle and that there are differences in
network structures. The features obtained from these network structures
(network features) can be valuable sources of information for discovering
micro-influencers suitable for stores.

On the other hand, when selecting candidates, checking their past posts
is crucial not only to ensure compatibility with the products they will be
promoting but also from a risk management perspective. However, the
aforementioned network analysis alone can only provide a rough idea of the
topics at the community level, as inferred from the profile information of
users in the community. It cannot capture the specific content of individual
user posts. Therefore, in this study, we examine whether posts that users
have made in the past, used as features (language features), can be utilized as
evaluation indicators.

First, we obtained post data for accounts with more than 1,000 followers
among the primary followers of Stores A and B. Due to API constraints,
the collected post data were limited to the most recent week based on the
collection date and included the account’s own posts and quoted retweets.
The reason for setting a lower limit on the number of followers for data
collection is that in practical terms, a minimum number of followers is
necessary when requesting influencer marketing and to avoid complicating
the network structure. Table 3 shows the information used in this study from
the collected post data, along with an overview.

Table 3. Information on posts used in this study and
their overview.

Information Overview

Time Date of the post

Content Post contents

Like Number of likes on the post
User ID User identifier

Profile Profile text

In the next section, we propose an evaluation index for micro-influencers
that combines the features extracted from collected post data (language
features) with those obtained from the network (network features).

PROPOSAL OF EVALUATION INDICES FOR MICRO-INFLUENCERS

Based on the elements constituting the reliability of influencers proposed by
Chen et al. (Chen. L and Shupei. Y, 2019), we propose four evaluation indices
for micro-influencers: Virality, Commonality, Expertise and Credibility (VC-
EC indices). VC indices are based on network features, whereas EC indices
are based on language features. An overview of each index is provided below:

o Virality: The degree to which information can be spread within the
network.
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. Commonality: The extent to which the followers of the store account and
the micro-influencer overlap.

. Expertise: The extent to which similar words representing product
features are used in posts.

« Credibility: Whether the account is operated appropriately by a company
requesting influencer marketing.

Each evaluation index is expressed as a value between zero and one and is
used in the selection of candidates.

Virality

A major reason for employing influencers for promotions is the expectation
that the requested information will be widely and quickly disseminated to
others. We propose Virality as an evaluation index, which indicates the
degree to which a node (candidate) in the network has the power to transmit
information to other nodes. Virality is a metric calculated using network
features that represent centrality in the context of social network analysis.
Various centrality indices can be considered; however, in this study, we use
PageRank, which is also known as the metric Google uses to evaluate the
importance of web pages (Page. L, et al., 1999). The basic idea of PageRank
is that pages with more links from other pages rank higher and links from
highly ranked pages are highly valued. In addition, links from pages with
fewer links to other pages are more highly valued because they are considered
more selective. In this study, we use the normalized PageRank value for each
node as an evaluation index for Virality (Equation (2)).

Pagerank; — Pagerank

min (2)

Virality; =
el Pagerank,,,, — Pagerank, ;.

where, Pagerank,;, refers to the minimum value among the evaluated targets
and Pagerank, ., refers to the maximum value. Virality ranges from 0 to 1,
with a value closer to 1 indicating a higher Virality within the network.

Commonality

When selecting micro-influencers, it is particularly important to consider
which users you want your promotion to reach. For example, the appropriate
micro-influencer differs depending on whether the target users are fans of
the service or brand, or potential customers. We propose Commonality as
an evaluation index, which represents the degree of overlap between the
store and each node (candidate). Commonality is calculated using network
features by comparing the primary followers (current fans) of a store with
the followers of each node to evaluate the extent of common followers. As a
specific evaluation method, we used the Dice coefficient, which is a measure
of the similarity between two sets. Let A be the set of primary followers of
the store, and B; be the set of followers of node i. The similarity between the
two sets, Dice(A, B;) is represented as follows (Equation (3)).

2|AﬁB,“

Dice (A, Bl) = m
1

(3)
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The calculated Dice(A, B;) values are normalized and used as the
Commonality for each node (Equation (4)).
Dice(A, B;) — Dicemin

C lity; = !
ommonality; Dicemax — Dicemin @

where, Dice i, refers to the minimum value among the evaluated targets and
Dicemax refers to the maximum value. Commonality ranges from 0 to 1, with
a value closer to 1 indicating that the node has followers similar to the store’s
account followers. Therefore, if an analyst wants to approach a company’s
current customers, they or should select nodes with high Commonality.
Conversely, if they want to approach potential customers, they must select
nodes with a low Commonality.

Expertise

When requesting promotions for actual products or services, the higher the
match between the domain in which the influencer excels and the target, the
greater the expected effect. We propose Expertise as an evaluation index,
which represents the alignment of the influencer with the product using
language features. Specifically, we evaluate the influencer’s past posts using
words that represent the product’s characteristics (hereafter referred to as
feature words) and semantically similar words, expressing this as Expertise.

First, we selected feature words for the product. This varies depending
on the product in question, but here we assume a product characterized by
the word “# — 4 (means “game” in English).” Influencers who frequently
post content including this feature word “% — 4” are considered to
have knowledge about the product and its domain, making them suitable
candidates for promotion. However, because not all posts directly include
the set feature word, the surrounding words with similar meanings need to be
evaluated. Therefore, we used distributed representations of words to obtain
similar words with high cosine similarity to the feature words. To obtain the
distributed representations, we used chiVe, a pre-trained Word2vec model
adapted for Japanese (Manabe. Y, et al., 2019). Table 4 shows an example of
the top five words with the highest cosine similarity collected for the feature
word “%" — 4..” Hereafter, the English translations are given in parentheses.

Table 4. Top 5 words similar to the feature word “#% — 4 (game)” and their cosine

similarity.
Rank Similar Words Cosine Similarity
1 RPG 0.69
2 %> Z 4 >4 — 4 (Online Game) 0.68
3 3 =% — A (Mini-game) 0.67
4 game 0.66
S o —)v7'v A > 7% — L (Role-playing game) 0.65

Next, we evaluated the influencers’ posts using feature words and similar
words. Let k denote a feature word. The evaluation value sf-k) for candidate ¢
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is represented as follows (Equation (5)).

n
k
V= > di Ny, (5)
j=1

where, dj ; represents the similarity of word j to feature word k, and N,
represents the number of posts by influencer i that include a similar word j
related to feature word k. It is assumed that multiple feature words are set for
the product. For example, for a gaming PC, feature words such as “game,”
“graphics,” and “memory” can be considered. Therefore, let [ be the total
number of feature words and let the evaluation value s; for each account be
the sum of the evaluation values for all feature words (Equation (6)).

si= > s (6)

The normalized value of the calculated evaluation value s; was used as the
Expertise Index for each node (Equation (7)).

. Si — Smi
Expertise = ——— " (7)
Smax — Smin
where, spin refers to the minimum value among the evaluated targets and
Smax refers to the maximum value. Expertise ranges from 0 to 1, with a value
closer to 1 indicating that the posts are more representative of a product’s
features.

Credibility

Owing to the nature of social media, information can spread rapidly, both
positively and negatively. Therefore, it is crucial to carefully select influencers
for business purposes to avoid spreading inappropriate expressions or
misinformation that can lead to “flaming.” We propose Credibility as
an evaluation index. Specifically, we used language features to identify
inappropriate expressions in past posts and calculated the credibility scores.

We created a “List of Words That Can Potentially Hurt People” by
identifying inappropriate posts. This list comprises 109 words commonly
perceived as abusive or sexual harassment on the Internet (for example,
words like “/3 7 (idiot),” “ & (X (fool),” “7 7'(fat),” and “# 3 (kill)”). Using
the words from this list, we evaluated the credibility of the text data posted
in the previous week.

Let N; be the number of tweets posted by candidate i in the past and M;
be the number of tweets containing words from the “List of Words That Can
Potentially Hurt People.” The Credibility; for each candidate is represented
as follows (Equation (8)):

- N; — M,
Credibility; = N, (8)
where Credibility ranges from 0 to 1, with a value closer to 1 indicating
a lower risk of inappropriate posts. However, as a preprocessing step for
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evaluating Credibility, it is necessary to exclude accounts that have made very
few posts or accounts that explicitly state in their profiles that their purpose
is for sweepstakes or free gifts.

Selection Method for Micro-Influencers Using Evaluation Indices

Using the four indices described in the previous section, we outlined a
concrete method for selecting influencers. First, we set a lower limit for
Commonality based on the purpose of the product or service promotion.
For the PR aimed at existing customers, we set a high lower limit for
Commonality. If the goal is to reach potential (unknown) customers, we set
a lower limit for Commonality. We then considered whether to prioritize
Expertise or Virality. Although it is ideal to have high values for both, it is
necessary to establish a priority here. Next, we sorted the candidates using the
selected indices and selected the micro-influencers from the top candidates
displayed. Furthermore, Credibility checks must be conducted. Excluding
influencers with significantly low Credibility can reduce unnecessary risks.

As a practical example, we targeted the actual followers of Store A and
selected the top five micro-influencers, prioritizing Expertise as the most
important index. The indices of the top five micro-influencers are listed in
Table 5. Through discussions with analysts involved in influencer marketing,
we set the following conditions for the accounts to be evaluated.

« Must be a primary follower of the store

« Must be a general account, not a corporate account
« Must have more than 1,000 followers

« Must have posted within the last week

« Must be used for regular communication purposes

A total of 174 accounts met these conditions. Additionally, as feature
words representing the product, assuming a gaming PC, we set “ x € ! (PC
memory),” “7 7 7 4 v 7 (graphics),” and “%" — 4 (game).” Based on the
distributed representations of these words, we collected the top 30 words
with the highest cosine similarity and used them to evaluate Expertise.

Table 5. Five micro-influencers selected from Store As followers and their four
evaluation indices.

Rank Account ID Virality Commonality Expertise Credibility

1 31 0.46 0.06 1.00 0.95
2 65 0.75 0.16 0.23 0.98
3 43 0.06 0.04 0.10 0.92
4 4 0.22 0.08 0.10 0.98
S 17 0.04 0.09 0.09 0.99

In Table 5, the influencers were sorted based on their Expertise values;
thus, the influencer with the highest Expertise value was ranked first. From
the perspective of Virality, the second-ranked ID 65 had a very high value
of 0.75, whereas accounts such as ID 43 and ID 17 had values below 0.1.
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Regarding Commonality, ID 65, which had high Virality, also had the highest
Commonality value of 0.16, whereas ID 31, which ranked first in Expertise,
had a relatively low value of 0.06. Regarding Credibility, all the influencers
had values exceeding 0.9, indicating that more than 90% of their posts did
not contain inappropriate words.

Considering these results, if the priority is alignment with the product
features, ID 71, with high Expertise and moderate Virality, is a strong
candidate. On the other hand, while ID 65 had lower Expertise than ID 71,
it boasted high values in both Virality and Commonality, making it attractive
for reaching both current and potential customers. Thus, analysts can make
selections from multiple perspectives.

CONCLUSION

This study proposes evaluation indices that can effectively select micro-
influencers for product promotion. First, we compared the trends in
follower networks through social network analysis, targeting two actual
store accounts of electronics retail stores. We also examined the network
features that could be obtained from the created networks. Furthermore,
we collected post data related to potential micro-influencer candidates that
appeared in the network and investigated the use of these posts as language
features through natural language processing analysis. Based on the results
of the analysis, we propose Virality, Commonality, Expertise and Credibility
(VC-EC indices). These indices are calculated based on the attributes of
the followers of micro-influencers’ followers and their past posts, enabling
marketers and analysts to evaluate micro-influencers quantitatively when
making their selections.

In future studies, it will be necessary to evaluate the effectiveness of the
proposed indices; preparations are currently underway. Specifically, we plan
to collaborate with companies engaged in influencer marketing to select
influencers using the proposed method and to verify its effectiveness through
actual initiatives. In addition, we will develop a decision support tool by
visualizing the proposed indices.
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