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Abstract: In times of increasingly busy use of social media, 

placing advertisements on social media such as Facebook is an 
attractive alternative. With the various advantages of advertising 
on social media, making it very suitable for MSMEs. The use of 
video as a format for delivering advertising messages is also rife 
because of the faster internet speed. However, the cost of making 
ads in the form of videos is relatively more expensive so it needs a 
lot of consideration when making it be efficient. One thing that 
advertisers often pay attention to on social media is the 
click-through rate. This variable becomes one of the measures of 
the effectiveness of an advertisement. Hence predicting 
click-through rate is become important nowadays for advertisers, 
especially to those who have budget constraints. This research 
tries to predict the click-through rate using data mining 
techniques. This paper use CRISP method. The dataset was taken 
from a Facebook advertisement from a small-medium enterprise 
in Indonesia. Video watches at 25%, 50%, 75%,95% and 100% is 
use as predictors. The results show that data mining can be used to 
predict the click-through rate using video watches percentage. 
Deep learning is the most suitable model for this prediction. The 
interpretation of the results from data mining is done and 
managed to find the variables that support the predictions and 
contradict the predictions. 

 
Keywords: data mining, advertising, click-through rate, social 

media, deep learning 

I. INTRODUCTION 

Social media is currently growing very rapidly and become 

part of the everyday life of modern society. According to the 
statistica survey [1], Indonesia is one of the largest social 
media markets in the world. In the 3rd quarter of 2018, 
Youtube has the highest penetration with 88% penetration. 
WhatsApp penetration percentage is 83% and Facebook is 
81%. High numbers of users and fast penetration of social 
media users in Indonesia have made social media an attractive 
platform for advertising corner of the paper.  
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In the case of failure, According another survey from 
statistica [2], Indonesia is the third largest Facebook user,  as 
many as 130 million residents use facebook. More than 270 
million Facebook users in India make it the largest Facebook 
audience nation. A large number of users is certainly very 
attractive for companies to place advertisements on Facebook 
social media.  
There are several advantages of using social media like 
facebook as advertisement media such as a flexible budget 
and a more targeted audience. Companies can arrange 
expenses for advertising according to their budget. They can 
also adjust their target audience with enough precision. 
Companies can manage the appearance of ads by several 
variables such as audience region, age, sex and so forth 
according to their marketing target.  
Internet speeds are becoming increasingly faster allowing 
advertisers to use high-quality images or videos. For 
Facebook ads, marketers can choose images or videos for 
advertising purposes that will impact ad quality. As a 
consideration according to a study, for Indonesian audience 
video has a higher rate for engagement instead of pictures. [3].  
Relatively cheap combine with large audience reach and the 
opportunity to use video, also other several advantages makes 
media social is suitable for small-medium enterprise (SME) 
who want to communicate their message. Social media such 
as facebook becomes an attractive alternative for advertising 
media especially nowadays where competition is getting 
tougher. Besides the advantages that already explain above, 
another advantage of advertising using Facebook is its ability 
to record and provide data from advertisements that are 
served. Lots of important data such as reach, impression, 
engagement, also click-through rate are available. One of the 
important data in social media ads is click-through rate.  
According to Facebook, click-through rate or CTR is the 
percentage of times people saw your ad and performed a link 
click. CTR signifies how many links clicks received on the ad 
compared to how many impressions the ad received. It is a 
common measurement used by online advertisers to 
understand how ads are pulling traffic to websites and other 
destinations. CTR is calculated as the number of links 
clicks divided by the number of impressions[4].  
The commercial value of advertisement on the Web depends 
on whether users click on the advertisement[5]. Thus making 
the CTR is an important variable for the advertiser and 
predicting the CTR has become important for the marketers. 
This research tries to build a model that could find general 
factors and predict the CTR of the ads using video views 
percentage as the predictor. As explained above, using videos 
for advertising is more effective but creating videos for 
advertising on social media is not easy and relatively more 
expensive.  
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Therefore advertisers must have some kind of clue so that 
their video ad can be effective and efficient. 
There are three major advertisement billing schemes used by 
search engines namely pay-per-impression (PPM),  
pay-per-click (PPC), and pay-per-action (PPA)[6], [7].  When 
a PPM billing system is used, the advertisers are billed when 
each ad appears, whether or not the client clicks on the ad. 
The advertiser is only charged under PPC billing if your 
announcement or URL is clicked on, and the advertiser pays 
for PPA billing only when a user action such as registration or 
purchase happens. Social media advertising also uses the 
same schemes. In this paper, we analyzed the advertising that 
uses pay per click schemes. Pay-per-click is a scheme that 
more suitable for the small-medium enterprise because it is 
less risky.   
As mentioned above, video is more attractive for the 
audience. The video ad length plays an important role in video 
advertising and can affect engagement. According to a study, 
long ads enhance recognition, mid-roll ads lead to better 
brand name recognition than pre-roll and post-roll ads 
because of attention spillover[8]. Although the mentioned 
study was conducted on Youtube video ads and video 
programs, nevertheless the result shows that the length of the 
video watched can affect how the audience will react. 
Facebook measures how long viewers watch the video. It 
divided into five categories namely video watched at 25%, 
video watched at 50%, video watch at 75%, video watch at 
95% and video watch at 100%.  This paper uses those 
categories as independent variables to predict the CTR using 
the data mining technique. As far as researchers know, there 
are no studies that study how CTR is predicted using these 
variables.  

II. THEORY AND METHODOLOGY 

In this section, we review several studies and research 
dedicated to media social advertising and data mining. There 
are several studies that predict click-through rate namely 
research done by Gao and Gao [9] using a dataset in which 
each of the records in the data represents an impression 
session instead of an impression. An impression session 
incorporates one or more than one impression with one or 
more than one click. To aim at each advertisement instead of 
each impression session, it causes the process more adaptable 
when developing the model using the data mining technique. 
Other studies present a Multiple Criteria Linear Programming 
(MCLP) prediction model as the solution. The experiment 
uses datasets provided by a leading Internet company in China 
and can be downloaded from track2 of the KDD Cup 2012 
datasets [5].  
Richardson, Dominowska, and Ragno [10] argues that for ads 
that have been showed repeatedly, predicting CTR is 
empirically considerable, but for new ads, another 
requirement must be employed. They present that they are 
able to use features of ads, terms, and advertisers to develop a 
model that accurately estimates the click-through rate for new 
ads. They also show that employing the model rises the 
convergence and performance of an advertising system. As a 
result, the model improves both revenue and user satisfaction.  
 Tikno [3] conducted research to measure the performance of 
media types used on Facebook advertising platforms such as 
photos and videos. The investigation used three control 
variables namely gender, age group, and product type as the 

interest group. The findings of the research showed that 
Indonesians have a higher engagement rate for ads when the 
videos are used instead of images. This higher engagement 
rate gives more advantages for online shop 
owners/advertisers by decreasing their advertising cost, 
influencing more audiences, and rising potential conversion 
into a further transaction.  
Gauzente [11] measures the effect of two different categories 
of message content. The first category of message content is 
descriptive and provides facts and product characteristic 
information. The second category is commercial.  A second 
major finding is the moderating function of price perception. 
Low-price consumers tend to click on commercial advertising 
messages more quickly whereas high-price consumers 
obviously prefer concise content. The disparity between 
descriptive sponsored ads and commercial sponsored ads 
rises significantly if the customers are highly price-conscious. 
Interestingly, this gap is less significant in the case of low 
price- consciousness. 
Van den Broeck et al [12] study the intention of respondents 
to avoid ads placed in the message stream was significantly 
greater than to avoid ads positioned in the sidebar. Using 
multiple moderation analyses, they discover that Facebook 
motivations and product involvement are important 
moderators of the effect of ad placement on ad avoidance 
intent. The results point to the important role of the degree of 
product involvement when directing Facebook ads to the 
correct audience and choosing the suitable ad placement. 
They conclude that ad position is a significant factor to 
consider when advertising on Facebook.  
This section also presents the methodologies adopted for this 
study from the data collection to processing data using 
rapidminer. A sequence of steps and directions in the data 
analytics process are provided by the CRISP model [13]. The 
CRISP model consists of six phases:  business and data 
understanding,  data preparation,  modeling,   evaluation, and 
deployment.  
The business understanding process focuses on the client 
perspective's interpretation of the project goals and translates 
this information into the description of data mining problems. 
It is important for data mining professionals to understand the 
business for which the knowledge is to be processed and how 
to find a solution. 
The data comprise phase begins with the collection of initial 
data. The analyst then increases knowledge of the data, 
identifies data quality issues, finds initial data insights, or 
detects interesting subsets in order to form hypotheses about 
hidden information. The data understanding phase consists of 
four steps including initial data collection, data description, 
data exploration, and data quality verification. 
Modeling, various modeling techniques are selected and 
applied during this phase and their parameters are calibrated 
to the optimum values. In general, for the same type of data 
mining problem, there are several techniques. Certain 
techniques have specific data form requirements. It may, 
therefore, be appropriate to return to the data preparation 
phase. Modeling phases include modeling technique choice, 
test design development, prototype construction, and project 
evaluation. 
 
 
 
 



International Journal of Innovative Technology and Exploring Engineering (IJITEE) 
ISSN: 2278-3075 (Online), Volume-9 Issue-1, November 2019 

2572 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: A5040119119/2019©BEIESP 
DOI: 10.35940/ijitee.A5040.119119 
Journal Website: www.ijitee.org 

Evaluation, It is important to assess the model more 
thoroughly and to review the model construction to ensure 
that the business goals are properly achieved before we begin 
to implement the model that has been constructed by the data 
analyst. In particular, the development of a Deployment 
Model is not the project start. In order to use the acquired 
knowledge, the customer needs to organize and present them. 

III. III. RESULT AND DISCUSSION 

In this research, the data was collected from a small-medium 
enterprise that uses Facebook for their marketing campaign. 
The SME studied used two formats for delivering the ad 
namely photo and video but we extract the data from the video 
format only.  Data was breakdown into daily so 196 records 
collected. CTR, video watched at 25%, video watched at 
50%, video watch at 75%, video watch at 95% and video 
watch at 100% were successfully downloaded. 
The day data type was date and the rest of the data was 
number. In this study day data only use to breakdown the 
dataset and not used in the data mining process, therefore the 
day column was deleted. Afterward, the rest of the data was 
normalized in order to have the same range's value. Only if all 
data attributes are brought into the same range, their 
weighting for the analysis’s purpose is consistent[14]. 
There were not many steps that need to be taken in this data 
preparation stage because the data from facebook is quite 
representative.  The table below represents a few of the 
datasets used after transform and cleaning.  
 

Table I. Few Row of Dataset Used 

 
For the modeling phase, the auto model function was used. 
CTR (all) was set as the column predicted. The classification 
was not set and video watched at 25%, video watched at 50%, 
video watch at 75%, video watch at 95% and video watch at 
100% were selected as the input column. Afterward, the 
models used in this research were generalized linear model, 
deep learning, decision tree, random forest, gradient boosted 
trees, and support vector machine.  
The result of data mining using Rapidminer we found that the 
lowest Root Mean Squared Error model is deep learning as 
shown in table 2 below with the standard deviation from deep 
learning is only 0.1.  
 

Table II. The Models Root Mean Squared Error 
Model Root 

Mean 
Squared 
Error 

Standard 
Deviation 

Total 
Time 

Training 
Time 
(1,000 
Rows) 

Generalized 
Linear Model 

0,7 0,1 6189,0 22666,7 

Deep 
Learning 

0,6 0,1 5759,0 20427,4 

Decision Tree 0,8 0,2 838,0 42,7 

Random 
Forest 

0,6 0,2 5963,0 1666,7 

Gradient 
Boosted 
Trees 

0,6 0,2 63625,0 641,0 

Support 
Vector 
Machine 

0,6 0,2 28217,0 769,2 

The deep learning model is better for predicting click-through 
rate compared to other models such as the Decision tree or 
Generalized linear model. Other models have the same root 
mean squared error value but Deep learning has the lowest 
standard deviation.  
Correlation results can be seen in the following table 3. Deep 
learning has the highest correlation among other models with 
a 0,061 standard deviation.  
 

Table 3. Models Correlation 
Model Correlation Standard 

Deviation 
Generalized Linear Model 0,8 0,0 

Deep Learning 0,8 0,1 

Decision Tree 0,7 0,1 

Random Forest 0,8 0,2 

Gradient Boosted Trees 0,8 0,1 

Support Vector Machine 0,8 0,1 

 
Based on the results above, we can find out that deep learning 
is the best model for predicting CTR by using video watches 
percentage as variables. Deep learning has an R Square value 
of 0.5345336 with MSE = 0.47106266. This shows that the 
video watches percentage is good enough to explain the CTR 
variables in the regression model. Many things can influence 
someone to want to click on an ad, with the R square above 
50% we can state that it is good enough.  
The result shows that deep learning is the more appropriate 
model for predicting CTR through video watches percentage. 
Hence the next step is to study the model and interpreted the 
result thus new knowledge concerning the object of this 
research can be found.  
 

 
Fig 1. Deep Learning Weights 

Weights on Fig 1 above show which columns have in general 
most influence on the predictions for this specific model. An 
interesting thing is shown from the results above, video 
watches at 50% is the most influential variable in predicting 
the CTR. 
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Followed by video watches at 75%, video watches at 100% 
and video watches at 95%. Other interesting discoveries are 
that the video watches at 25% have 0 weight on predicting the 
click-through rate. The Simulator function of the Rapidminer 
result can be seen in Fig 2 below.  

 

Fig 2. Important Factors for Prediction 

The red bar on the above figure shows a variable that 
contradicts prediction and the green bar shows variables that 
support prediction. The video watches at 25% is the variable 
that contradict the prediction.  
In the course of this work, we discovered that predicting 
click-through rate using the data mining technique was 
possible. A suitable model for this prediction is deep learning 
with the RMSE value of 0,6 and a standard deviation of 0.1. 
Correlation using deep learning was the highest among other 
models which are 0.8.  
From the deep learning model, we found that video watches at 
50% have the highest weight at 0.397 followed by video 
watches at 75% at 0.183. Video watches at 100% were at 
0.107 higher than video watches at 95% which was 0.103. 

IV. CONCLUSION. 

This research aim is to predict the click-through rate from the 
percentage of video watched by the audience who use 
facebook. From the literature study, how long an ad video is 
watched can impact viewer decisions. Based on the results of 
data processing it can be seen that CTR prediction using the 
percentage of video watched was possible. Deep learning 
comes out as the most suitable model in predicting CTR.  
The results of deep learning show that a video ad on Facebook 
must be at least 50% of its duration so that the possibility of 
the ad being clicked is higher. Based on this information, 
advertisers should really utilize 50% of the initial duration of 
their ad videos. Advertisers must be able to create attractive 
ad content in the initial 50% of the duration of their ads.  
Other findings from this study are that videos watched under 
25% of their duration actually reduce the chances of the ad 
being clicked on by viewers. Generally, the duration of an ad 
on social media is between 20 seconds and 60 seconds, 
therefore advertisers must be able to retain their viewers to be 
able to watch videos more than 5 seconds for 20 seconds 
video ad duration or 15 seconds for video ad with 60 seconds 
length. 
In this research the video length was 60 seconds, thus the first 
15 seconds is the crucial moment. After the viewer watches 
the video for 30 seconds (50% of the duration) the chance for 
viewers to click on these ads is higher. 
This discovery can help advertisers, especially SMEs to be 
able to map what must be made in the initial duration of the 

video to mid-duration. So that it can increase the chances of 
the ad being clicked on and achieve the desired goal of 
advertisers on social media. Social media users have tendency 
to observe carefully on learning the content message 
especially for youth [15] 

The limitation of this research is that in this study 
predicting CTR only uses variable video watches. It is also 
important to study other variables that can predict the value of 
CTR. Also in this study, the dataset used only came from an 
SME. The use of bigger datasets is expected to improve the 
prediction results. Different video and business may impact 
the prediction, it is recommended to conduct similar research 
on different businesses 
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