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Abstract

For the last decade, social networking services (SNS), such as X, Facebook, and Instagram,
have become mainstream media for advertising and marketing. In SNS marketing, word-
of-mouth among users can spread posted advertising information, which is known as viral
marketing. In this study, we first analyzed the time series of user reactions to Instagram
posts to clarify the characteristics of user behavior. Second, we modeled these variations
using statistical distributions to predict the information diffusion of future posts and to
provide some insights into the factors that affect users’ reactions on Instagram using the
estimated parameters of the modeling. Our results demonstrate that user reactions have
a peak value immediately after posting and decrease drastically and exponentially as
time elapses. In addition, modeling with the Weibull distribution is the most suitable
for user reactions, and the estimated parameters help identify key factors that influence
user reactions.

Keywords: online social networks; social network analysis; statistical modeling; user
behavior

1. Introduction
Until the Internet became as widespread as it is today, television, radio, magazines,

and newspapers were the mainstream media for advertising. Above all, television has had
a particularly significant influence on many people, and being featured on it has greatly
contributed to the spread of information. However, with the rapid spread of the Internet, the
devices used to access information have also shifted significantly from personal computers
to smartphones and tablets [1]. This technological evolution has, in turn, instigated a major
transition in advertising and marketing systems. Social networking services (SNS), such
as X (formerly Twitter) and Facebook, have emerged as a primary means of information
diffusion on the Internet, allowing people to easily connect with strangers online who share
similar interests and tastes, in addition to maintaining face-to-face friendships. In Japan,
a statistical report [2] indicates that, for the first time, Internet advertising expenditures
surpassed that of television in 2021, establishing SNS as a central and significant platform
for advertising [3].

On SNS, users often acquire information by following accounts that post information
about things that they are interested in or want to know about. When using an SNS as
a means of advertising, it is important to make users aware of their accounts and how
to have them follow their accounts. Companies can immediately and directly advertise
to users following their accounts on SNS postings, and the cost is lower than that of the
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conventional mass media [4]. Authors in [5] revealed that many influencers, who have a
larger number of followers, post about several brands (company names, etc.), and their
posting patterns change depending on the influencer’s popularity. For example, reviews
of products that influencers have experienced tend to have a large number of characters
and few hashtags, and when posting a brand name, there is only one hashtag, based
on large-scale data. Authors in [6] investigated the influence of influencers using a non-
network approach and suggested that posts by influencers with a relatively small number
of followers influence users more effectively. Moreover, Ref. [7] proposed a method using
machine learning to find posts that were actually requested from sponsors (Sponsored
posts) from post data that appear to be unsponsored (Non-sponsored posts). In addition
to influencer-based campaigns, the timing, frequency, and content of posts from any
account significantly influence user responses. For example, previous studies have explored
predictive modeling using hashtags and content features [8], developed multi-platform
recommendation systems [9], and investigated cost-effective advertising strategies [10].
Business intelligence techniques have also been employed to support marketing decisions
across different SNS platforms, providing valuable insights for strategic planning [11].

Numerous studies have examined social media advertising; however, the dynamics of
user engagement over time for posts from corporate accounts have not been sufficiently
investigated. Corporate content stands distinct from influencer content because it is ex-
plicitly branded and promotional. This inherent characteristic may lead to different user
behaviors compared to influencer content. When influencers post on SNS, people often
feel more connected and engaged. This is because influencers are perceived as authentic,
and they build a kind of one-sided friendship with their followers. In contrast, when
companies post, users tend to be more selective in their engagement, or even somewhat
skeptical [12]. These differences have been shown not only to change how many people
engage; they also affect how long that engagement lasts [13]. Even though many people
know this from experience, few studies have provided a direct statistical comparison of
engagement decay patterns across both types of accounts. These studies further emphasize
the importance of investigating information diffusion processes and branding strategies
specific to corporate social media accounts. This is one of the important objectives that our
paper aims to address. Furthermore, such corporate advertising posts often follow internal
marketing strategies that are not publicly disclosed, making it challenging for outsiders to
infer their effectiveness and optimize their impact. Understanding how users interact with
corporate posts over time is a key consideration for enhancing marketing effectiveness.
Previous studies have proposed various mathematical models to capture such engagement
decay, including well-known functional forms like the exponential, power-law, logistic,
and Bass models [14,15]. Among these, the Weibull distribution has garnered attention due
to its remarkable flexibility in modeling both rapid initial drops in engagement and the
longer-tailed nature observed in digital content diffusion [16,17].

SNS platforms are evolving through trial and error to maximize user engagement, such
as “likes” and comments, which have become important factors in advertising effectiveness.
However, most previous studies have focused on influencer marketing or general content
diffusion, while user reactions to posts from official business accounts have not been
sufficiently considered. Unlike influencer posts, in which the line between personal and
promotional content tends to be ambiguous, posts from verified business accounts are
perceived as SNS advertisements and may trigger different user engagement patterns.
We consider it necessary to investigate how this difference affects the dynamics of user
behavior surrounding business social media activity.

Based on the background described above, we analyze a long-term user engagement
with Instagram posts from official business accounts. Specifically, we investigate how
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users react to advertising posts over time by periodically collecting timeline data using the
Instagram Graph API [18]. In this paper, we define user engagement in terms of the number
of “likes” received by each post and focus on the time-series variation of this factor to clarify
the characteristics of user reactions. To quantitatively capture this variation, we modeled
the time series of “likes” using four well-known functional forms: Logistic, Exponential,
Weibull, and Log-normal distributions. To evaluate modeling accuracy, we used two
standard statistical measures: Root Mean Square Error (RMSE), which assesses the average
deviation from the observed data, and the Akaike Information Criterion (AIC), which
accounts for both the fit and model complexity. Our empirical results demonstrate that
the Weibull distribution consistently outperforms the other models across both evaluation
metrics. These findings provide the utility of Weibull-based modeling for understanding
and predicting engagement trends in corporate social media advertising and offer practical
insights for optimizing posting strategies and evaluating campaign effectiveness.

2. Materials and Methods
2.1. Measurement Methodology

Here, we describe 8 Instagram business accounts from which we obtain timelines and
details of measurement procedures using the Instagram Graph API.

2.1.1. Target Business Accounts

We focused on 8 Instagram business accounts (Account A to H) in order to satisfy the
following criteria.

1. Highly frequent posting (multiple posts per week)
2. Same posts as other social networking services (X, etc.)
3. Different genres compared to other accounts

Table 1 shows the detailed descriptions of the selected accounts. In the table, the
“Account Label” column shows a confidential label for each selected business account.
“Headquarters” indicates the head office location for each account, and “# of followers”
represents the number of followers at the time of measurement. Detailed information about
each business account is provided under the “Description” column.

Although concerns regarding the geographic bias and representativeness of the se-
lected business accounts exist, we have endeavored to mitigate these concerns by consid-
ering a diverse range of geographical locations, follower counts, and genres during the
selection process. We believe that the proposed approach enabled us to extract significant
patterns from the current dataset. Nonetheless, a more thorough examination would re-
quire a significantly larger and more varied collection of data. However, due to the rate
limitations of the Instagram Graph API, access to such extensive data was restricted in this
study. We recognize the necessity of leveraging large-scale datasets to further demonstrate
the utility and generalizability of the findings presented in this paper. In addition, this study
did not differentiate between image and video content in the analysis. As engagement
dynamics can vary significantly between static and motion media, future research should
address this limitation by categorizing and analyzing posts according to content type.

2.1.2. Obtaining Timeline Data

First, we created a standard personal account and then switched it to a business
account because the Instagram Graph API can only be accessed through a business account
to retrieve timeline data. Subsequently, we registered our application in the business
account and obtained the credentials, that are access key and access token, to access
the API.
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Table 1. Details of target accounts.

Account
Label

Headquarters # of Followers
(Millions)

Description

A California, USA 630 A major provider of a visual-centric
social media service where users pri-
marily share photos and videos.

B Paris, France 49 A French luxury fashion brand and
one of the world’s most famous lux-
ury brands, that mainly manufac-
tures and sells luxury goods such as
leather goods, bags, wallets, acces-
sories, clothing, and shoes.

C Tokyo, Japan 4.6 A Japanese cooking site provid-
ing daily one-minute cooking recipe
videos. It provides cooking enthusi-
asts and novice cooks with videos of
recipes and cooking methods for vari-
ous cuisines, allowing viewers to eas-
ily enjoy cooking at home.

D Oregon, USA 200 A United States-based global sport-
ing goods company that company
that manufactures and sells sports
shoes, apparel, and sporting goods.
The company offers several products
for sports enthusiasts and athletes
woridwide and is particularly well-
known for sports such as running,
basketball, and soccer.

E California, USA 4.2 An online multiplayer strategy game
was launched in 2009. After its re-
lease, the game became the most pop-
ular PC game in the world in 2012.
The event has attracted attention as
an electronic sports event where pro-
fessional gamers compete, includ-
ing the provision of visas to profes-
sional athletes in the United States.
It has also attracted attention as an
electronic sports event where profes-
sional gamers compete.

F Tokyo, Japan 3.2 A Japanese account managed by one
of the world’s largest coffee chains
that announces new products and de-
scribes how to enjoy these services.

G Manchester, UK 1 A UK-based global nutritional sup-
plement brand that primarily sells
protein powders and supplements.
The company markets several nutri-
tional supplements to fitness enthusi-
asts, athletes, and the public who are
health conscious.

H Florence, Italy 49 A global luxury brand based in
Italy, offering luxury fashion items,
leather goods, accessories, perfumes,
and watches.
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Listing 1 shows an example of the Graph API to retrieve the timeline of the target
business accounts. In this listing, $USER_ID is the ID number of the previously created
business account, and $ACCESS_TOKEN is the authentication token to access the Graph API.
The target business accounts are specified in the $account parameter.

Listing 1. Instagram Graph API.

curl -g -X GET "https :// graph.facebook.com/v14.0/ $USER_ID?fields=
business_discovery.username($account ){name ,followers_count ,media
{like_count ,comments_count ,timestamp }}& access_token=$ACCESS_TOKEN"

This API returns timeline data, that is the latest 20 posts, of the specified account
that includes account name, the number of followers, the number of likes, the number
of comments, and timestamp. account name is the screen name of the specified account,
and the number of followers denotes the number of followers at the time of accessing.
like_counts and comments_count are the number of likes and comments on each post
on the timeline, respectively. timestamp denotes the posting date and time in GMT for
each post.

As mentioned above, the Graph API does not permit retrieval of past posts; thus, we
repeatedly accessed the API at 15 min intervals to obtain the time series variations of each
timeline as past data. Listing 2 shows an example of a single post of data obtained through
the API. The returned data is expressed in JSON format, and id in this Listing is the unique
number of posts assigned by Instagram automatically (some numbers have been replaced
by asterisks).

Listing 2. Example of one post data.

{
"like_count ": 371997 ,
"comments_count ": 43393 ,
"timestamp ": "2022 -01 -04 T17 :07:49+0000" ,
"id": "17933486782******"

},

As shown in Listing 2, the data returned by accessing the API consists of the post
data of the latest 20 posts at the time of accessing. Next, we divide the timeline data into
time-series data for each individual post. Listing 3 presents an example of divided post
data. The first column shows the access times in the JST time zone. The second column
lists the date and time of posting in GMT. The third and fourth columns represent the
cumulative numbers of likes and comments, respectively. These divided data show how
the number of likes and comments increased immediately after posting. In this Listing, the
time of posting is 5 January 2022, 02:07:49 JST; however, the time to access the API was
5 January 2022, 02:15:00 JST. Namely, we obtained this post data after 8 min of posting,
and the number of likes increased to 17,552 during the time gap. In our measurement, the
time lag between posting and data retrieval was up to 15 min depending on the timing of
the post, and the diffusion status during the time gap could not be captured. This issue
can be mitigated to some extent by shortening the measurement interval; however, for our
analysis, we measured every 15 min, and the analysis will be conducted on the data of
postings that were measured with good timing, i.e., captured within 2 min from posting
time or the number of likes in the first time slot is below 1000.
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Listing 3. Example of aggregated data.
202201050215 2022 -01 -04 T17 :07:49+0000 17552 76
202201050230 2022 -01 -04 T17 :07:49+0000 33770 164
202201050245 2022 -01 -04 T17 :07:49+0000 43993 222
202201050300 2022 -01 -04 T17 :07:49+0000 52310 243
202201050315 2022 -01 -04 T17 :07:49+0000 59008 274
202201050330 2022 -01 -04 T17 :07:49+0000 65026 293

2.1.3. Measurement Period

The measurement period spans from mid-December 2021 to the end of December 2023.
A general-purpose PC running Ubuntu Server 22.04 LTS was used. To continuously obtain
the timeline data of target accounts, a shell script utilizing the API was executed using cron
daemon. In addition, Post data were collected in compliance with the Instagram Graph
API’s data use policies.

2.2. Modeling

In this subsection, we model the distribution of the number of likes described in the
previous section using probability distributions to gain insights into the factors influencing
user responses.

2.2.1. Candidate Distributions

Based on the shapes of the distribution of the number of likes, as described in the
previous section, we selected 4 candidate probability distributions for modeling.

Logistic Distribution

The logistic distribution is a continuous probability distribution with an S-shaped
curve. Equation (1) shows the probability density function of logistic distribution. The
logistic distribution is mainly applied to ecological data analysis, such as modeling individ-
ual growth, range expansion, and shifts in species distribution. In economics, it is used for
forecasting economic trends, commodity supply and demand, and market growth rates.

f (x) =
e(−(x−µ)/s)

s(1 + e(−(x−µ)/s))2
, (1)

where µ is the location parameter and s > 0 is the scale parameter.

Exponential Distribution

The exponential distribution is a continuous probability distribution. Equation (2)
shows the probability density function of the exponential distribution. It is used to model
the event latency and inter-arrival times, such as data packet arrival, transmission interval,
communication delays, and network load.

f (x) = λe−λx, (2)

where λ > 0 is the rate parameter and the expected value.

Weibull Distribution

The Weibull distribution is a probability distribution used to quantitatively express
the relationship between the size and strength of materials and is mainly used to model
failure and degradation rates. Equation (3) shows the probability density function of the
Weibull distribution. Based on the results obtained so far, the user response is considered to
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decay exponentially over time, and the user response can be interpreted as the degradation
of the real-time nature of the information in response to the postings.

f (x) =
m
η

(
x
η

)m−1
exp

{
−
(

x
η

)m}
, (3)

where m is the shape parameter that determines the shape of the distribution. In addition,
η is the scale parameter that indicates the variation in density (magnitude and width of
peak values).

Log-Normal Distribution

The log-normal distribution is a probability distribution in which the logarithm of the
random variable follows a normal distribution. Equation (4) shows the probability density
function of the log-normal distribution. This distribution is used in reliability analysis
to model the time to failure of electronic components, mechanical parts, and material
fatigue. It is particularly effective in modeling failures caused by cumulative effects such
as chemical reactions, corrosion, and fatigue crack growth; therefore, we considered it a
candidate for modeling the decay in the number of likes.

f (x) =
1

xσ
√

2π
exp

(
− (ln x − µ)2

2σ2

)
, (4)

where µ, that serves as the location parameter, is the mean of the normal distribution
of the natural logarithm of the random variable. σ, that serves as the scale parame-
ter, is the standard deviation of the normal distribution of the natural logarithm of the
random variable.

2.2.2. Parameter Estimation

First, we analyzed the collected “like” count data by calculating the cumulative relative
frequency of likes and the elapsed time after posting. Second, these two values, the relative
frequency and elapsed time, were then used as inputs to estimate the parameters of various
probability distributions. We used the least squares method [19] to estimate the parameters
of the 4 probability candidate distributions. The least squares method minimizes the sum of
squares errors by taking the difference between each observed value and the corresponding
model prediction.

To compare the accuracy of the estimated parameters, two evaluation metrics were
used: RMSE and AIC. The RMSE represents the square root of the mean of the squared
residuals between the predicted and actual values and is defined as follows.

RMSE =

√√√√ 1
N

N

∑
i=1

(yi − ŷi)2, (5)

where yi is the i-th actual value, and ŷi is the i-th predicted value.
The AIC is a widely used statistical metric for model selection. It evaluates how well

the prediction model fits the data while penalizing complexity to prevent overfitting. The
AIC is calculated as follows.

AIC = 2k − 2 ln(L), (6)

where k is the number of model parameters, also known as the degrees of freedom, and
ln(L) is the maximized log-likelihood.

We expect that optimal parameter estimation will enable the prediction of the extent
and scale of information diffusion in advance. At the same time, it provides a basis for
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investigating how each model parameter is influenced by user behavior and characteristics
both in SNSs and the real world.

3. Results
First, we present the time series variations in users’ reactions to advertising posts and

trends at the time of posting on the target business accounts. Next, we describe the results
of statistical modeling for the collected data.

3.1. Time Series Variations

In this study, we define the number of likes on each post as user reactions and analyze
the time series variation of it.

Figure 1 shows variations in the number of likes for posts from Account F. Figure 2
shows the case for Account C. In addition, (a) in each figure denotes the time series variation
of likes from the time of posting. The horizontal axis represents the time slot value, which
is a time unit of 15 min. A time slot value of 200 corresponds to 20 h after each post. The
vertical axis represents the number of likes. Each colored line in these figures denotes a
distinct post that was measured shortly after posting. Thus, we show data for five posts
measured on each account. (b) of each figure denotes the ratio of change in the number of
likes in each time slot. In these figures, the vertical axis represents the ratio of change. We
define the ratio of change as the ratio of the increase in each time slot to the total number of
likes at time slot 50.
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Figure 1. Variation in # of likes on Account F posts.
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As shown in these figures, although there are posts in which users are stably interested
in the long term and click the like button, all posts receive the majority of responses
immediately after posting, followed by an exponential decline in user engagement. In
addition, we infer that the reaction rate at the time of posting determines the degree of user
responses, which is the total number of likes. Although we expected that the number of
followers would affect the number of likes, the total number of likes observed in Account F
is between 20,000 and 50,000, and the ratio to the number of followers, 3.2 million, is
between 0.5% and 1.4%. Posts on Account C, with 1 million followers, received 4000 to
10,000 likes, corresponding to 0.4% to 1% of its followers. Although there is a large
difference in the actual number of likes, there is no significant difference in these ratios
between the two accounts. Moreover, especially in the purple and green lines in Figure 2,
the number of likes increases again around time slot 50 after an initial decline. This suggests
that users’ responses are influenced by multiple factors, including other SNS platforms and
traditional mass media.

Overall, we found that most posts tended to spread rapidly immediately after posting
and settled down after a certain time had elapsed. On the other hand, some posts re-spread
even after a certain time, which we attribute to the influence of other media.

3.2. Trends in the Time of Posting

Next, we investigate when each account posts on Instagram. Figure 3 show histograms
of the time of posting for each account. The horizontal axis represents the time of posting
in the GMT time zone, and the vertical axis indicates the number of posts per hour. Due to
the posting frequency among accounts, the histograms are split into two figures: Figure 3a
denotes the lower posting frequency accounts, and Figure 3b is the higher ones. From
Figure 3a, assuming that Account G and Account F are headquartered in Europe and share
the GMT time zone, it can be seen that most posts are made during the daytime hours
(11:00 to 13:00). Account D and Account E are both headquartered in the United States,
and considering the time difference, there are many posts in the morning time. Additionally,
from Figure 3b, Account C and Account F are Japanese companies; thus, we found that
posts were concentrated in Japanese daytime hours, from 10:00 to 19:00. Since Account B
is presumed to be managed in Europe, its posting pattern resembles that of Account G
and Account H. Posts from Account A are similarly concentrated at the same times as
Account D, suggesting that they were intended to be posted within the United States.

From these observations, we conclude that all business accounts post during daytime
hours in local time. This is likely because user activity is lower during nighttime hours, so
most posts are made when users are more active during the day.

3.3. Parameter Estimation

As a result of modeling the distributions of the number of likes using candidate
distributions, Table 2 shows a summary of the estimated parameter sets. In this table,
“# of posts” indicates the number of well-timed posts used for parameter estimation. The
estimated parameters shown in this table are the median values computed from individual
post-level estimates for each account. For example, µ of logistic distribution for Account A,
which is 62,453.9, is the median of µ estimated across 30 individual posts.

From Table 2, the number of followers has a significant impact on the magnitude of
the engagement metrics. In this comparison, we used the median rather than the mean
to summarize parameters, aiming to reduce the impact of outliers and skewed distribu-
tions in engagement data. Since some posts receive exceptionally high or low user reac-
tions, the median provides a more robust and representative measure of central tendency
for comparing account-level characteristics. For example, Account A with 630 million
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followers consistently denotes the highest parameter values across all models: Logistic
(µ = 62,453, s = 104,927.7), Exponential (λ = 118,983.5), Weibull (η = 100,356.2), and Log-
normal (µ = 1.575917, σ = 54,277.2). In contrast, the estimated parameters of Account F,
with fewer followers, have relatively lower scale or dispersion parameters. This relationship
indicates that a larger number of followers is a key factor in overall engagement, which is
consistent with prior studies in the social media marketing literature. The Weibull shape
parameter (m) and the log-normal standard deviation (σ) are relatively consistent values
among most accounts, ranging from 0.49 to 0.66 for m, from 1.46 to 1.80 for σ. This indicates
a long-tailed distribution, in which a small number of posts receive high engagement,
while the majority of posts receive modest responses. We consider that such distributional
characteristics validate the use of heavy-tailed distributions to represent user behaviors on
social media.

Next, to verify the distribution fit, we calculated two statistical measures, RMSE and
AIC, based on the parameter estimates, and the results are shown in Table 3. In this table,
the statistical measures represent the mean and standard deviation calculated across all
posts for each account. From these results, we can see that modeling with the Weibull
distribution yields the lowest RMSE and the smallest variance, indicating that it is the
optimal distribution among these distributions. A similar conclusion can be drawn from
the AIC values. In addition, Figure 4 shows the variation of each statistical measure. The
horizontal axis shows each target account, and the vertical axis indicates the RMSE and
AIC values. In this figure, data from 95% of all posts are included; the remaining 5% are
excluded as outliers. From this figure, although the log-normal distribution has good
results in modeling user behaviors, particularly for Account F, the Weibull distribution
exhibits comparatively smaller variance overall, and we consider it sufficient to model user
behavior with sufficient accuracy for large datasets.

Table 2. Estimated parameters.

Account
Label

# of Followers
(Millions)

# of Posts
Estimated Parameters (The Median Estimated Value per Account)
Logistic Exponential Weibull Log-Normal

µ s λ m η µ σ

A 630 30 62,453.9 104,927.7 118,983.5 0.579497 100,356.2 1.575917 54,277.2
B 49 462 33,503.3 62,473.6 64,548.6 0.633369 54,536.8 1.492522 29,733.3
C 4.6 1,985 21,060.4 56,069.5 47,903.4 0.599498 38,982.4 1.579483 20,586.5
D 200 5 60,858.6 97,645.3 109,439.6 0.664283 89,506.7 1.591684 46,460.3
E 4.2 12 24,413.6 41,710.9 40,065.2 0.641930 35,156.4 1.466218 19,441.4
F 3.2 92 8,698.3 55,075.8 36,962.5 0.491697 28,214.8 1.800842 14,906.5
G 1 330 23,688.8 59,079.3 53,316.8 0.590555 42,449.6 1.565865 22,723.9
H 49 463 36,659.3 66,530.5 69,761.8 0.640684 58,874.4 1.471584 32,588.5

Table 3. Summary of statistical measures (RMSE and AIC).

Account
Label

Logistic Exponential Weibull Log-Normal
RMSE AIC RMSE AIC RMSE AIC RMSE AIC

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
A 0.0355 0.0105 −18,505.62 5,417.92 0.0414 0.0168 −17,807.57 5,355.83 0.0149 0.0079 −23,865.48 7,546.49 0.0160 0.0093 −23,704.20 7,703.88
B 0.0335 0.0088 −6,772.66 2,575.77 0.0465 0.0169 −6,180.02 2,393.64 0.0153 0.0089 −8,524.86 3,367.42 0.0253 0.0111 −7,503.02 3,166.61
C 0.0426 0.0057 −3,216.32 482.53 0.0609 0.0141 −2,859.28 440.86 0.0191 0.0063 −4,067.51 648.11 0.0288 0.0092 −3,653.05 595.75
D 0.0369 0.0146 −9,751.60 7,280.19 0.0647 0.0289 −8,218.34 6,229.70 0.0243 0.0146 −12,670.70 10,999.17 0.0353 0.0191 −11,105.03 9,202.20
E 0.0268 0.0070 −8,681.15 4,065.41 0.0314 0.0110 −8,193.54 3,853.10 0.0095 0.0036 −11,220.57 5,261.07 0.0162 0.0075 −10,105.78 4,933.12
F 0.0247 0.0069 −23,672.01 6,256.07 0.0313 0.0124 −22,359.04 6,051.46 0.0086 0.0034 −30,589.65 8,145.82 0.0073 0.0038 −31,746.17 8,463.56
G 0.0265 0.0089 −11,530.47 4,714.93 0.0388 0.0136 −10,290.95 4,140.16 0.0145 0.0075 −13,647.13 5,917.69 0.0205 0.0088 −12,584.72 5,724.76
H 0.0313 0.0082 −9,513.84 5,537.61 0.0421 0.0134 −8,804.04 5,276.03 0.0150 0.0087 −11,907.86 7,115.34 0.0231 0.0119 −10,974.85 7,273.42
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Figure 3. Characteristics of the time of posting.

Figure 5 shows the distribution of the number of likes and the probability distribution
function of the Weibull distribution using the estimated parameters for each account.
In these figures, the horizontal axis represents the elapsed time from the posting time,
and the vertical axis represents the cumulative distribution function (CDF). In addition,
the estimated parameters of the Weibull distribution are shown at the bottom right of
each figure. From these figures, we also consider that our modeling method using the
Weibull distribution can accurately express the distribution of the number of likes. These
results indicate that user reactions can be considered equivalent to predicting the lifespan
(i.e., degradation rate) of a certain product. The fact that user reactions subside as time
elapses can be seen as a degradation in the freshness of posts.

Next, we discuss the characteristics of the estimated parameters of the Weibull distri-
bution. As noted above, the estimated values of m range from 0.492 to 0.664. In a Weibull
distribution, a smaller value of m implies a more heavily skewed distribution with a sharper
peak and a longer right tail. This indicates that user reactions are more concentrated imme-
diately after posting, with relatively fewer delayed responses. On the other hand, the values
of η have a wide range from 28,214 (Account F) to 100,356 (Account A) in our estimation.
This parameter determines the position of the peak in the distribution. A larger value of η

shifts the peak to the right and decreases its height. An increase in η indicates that user
reactions are dispersed and not concentrated for some time. We assume that this tendency
becomes stronger as the number of followers increases because many users react to the
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post at the time they like it. In fact, Account A has the highest number of followers among
the target accounts, and its estimated value of η is also the largest. To investigate this
relationship further, we calculated the Pearson correlation coefficient between the number
of followers and the estimated values of η, which was 0.856. This strong positive correlation
indicates that the number of followers can be a useful predictor of how widely and for how
long a post will spread among followers. Based on these results, it is possible to estimate
the effectiveness of posts in advance using the number of followers.
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(b) AIC
Figure 4. Boxplot showing quartiles of statistical measures.

Finally, by characterizing each account using the estimated parameters, we suggest
that it is possible to infer user demographics and behavioral patterns of followers for each
account. For Account F, approximately 10% of the total number of likes was received
within the first 15 min after posting, indicating that many followers responded quickly
to new content. We infer that followers of this account are relatively active and tend
to proactively share information with others. Account C posts short recipe videos that
typically receive peak response immediately after posting. However, because of the nature
of video content, user reactions often occur based on individual needs, which results in
a periodic pattern in the distribution of the number of likes. Account D has a relatively
small value of m and a large value of η. Given its massive number of followers, many users
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respond rapidly after a post is published; however, their reactions are dispersed over time.
As a result, the engagement peak is wider than in other accounts.

We conclude that our modeling using the Weibull distribution was highly accurate,
indicating that the estimated parameters can be used to predict user reactions, and to
characterize and classify each account.
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Figure 5. Graphical comparison with measured data and estimated Weibull distribution.
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4. Conclusions
In this paper, we have investigated the time series characteristics of user reactions

to posts on eight business accounts on Instagram. We have shown that the number of
likes, assumed to represent user reactions, has a peak value immediately after posting
and decreases exponentially over time. We also have found that most posts across all
target accounts occur during daytime hours when people are active. Next, we conducted
probabilistic modeling of the variation in the ratio of changes in the number of likes by
parameter fitting with Logistic, Exponential, Weibull, and Log-normal distributions. As
a result, we have shown that the Weibull distribution is the most suitable for modeling
user reactions, and it may be possible to infer the impact factors based on the estimated
parameters of the Weibull distribution.

For future research topics, we need to investigate and analyze additional factors such
as the number of followers, frequency of posting, and content of posts rather than the
number of likes, including large datasets. Furthermore, it is important to explore the
relationship between impact factors and estimated parameters more deeply to improve
modeling accuracy and enhance predictions of information diffusion.
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