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ABSTRACT 

 

PREDICTING TV RATING OF TURKISH TELEVISION SERIES USING 

MACHINE LEARNING TECHNIQUES 

 

Akgül, Büşranur 

Master of Science, Applied Data Science 

Supervisor: Assist. Prof. Dr. Tayfun Küçükyılmaz  

 

August 2020, [#] pages 

 

TV rating is a numeric estimate of the popularity of TV programs in households with a 

television. Investment planning of television media, which is the biggest shareholder of 

media investments, is made according to TV ratings. The aim of this study is to develop 

a machine learning model that can predict the TV ratings of Turkish TV series in a 

practical manner. Better forecast of TV ratings has the potential to reduce the risks of TV 

investments. In this context, four prediction models were developed by using machine 

learning techniques for TV series in the prime-time broadcast between 2014-2018 in this 

study. The main distinction between these models is the attributes that represent a TV 

program. The attributes that are used in this study can be categorized as:  time-based, 

episode-based, series-based, and program impact on social media-based (represented 

using Google Trends) attributes. In the experiments, a theoretical forecast performance is 

established first by using time-based attributes that factors in the future changes in the 

TV program, which is then used as a baseline for comparison with practical forecast 

models. The experiments show that, the proposed models can achieve up to 1.46% error 

rate for theoretical models and 6.6% error rate for practical models. 

Keywords: Predicting Turkish TV Series Rating, Machine Learning, Turkish TV Series, 

Google Trends 
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ÖZ 

 

TÜRK TELEVİZYON DİZİ REYTİNGLERİNİN MAKİNE ÖĞRENMESİ 

TEKNİKLERİ KULLANILARAK TAHMİN EDİLMESİ 

 

Akgül, Büşranur 

Yüksek Lisans, Uygulamalı Veri Bilimi 

Tez Danışmanı: Assist. Prof. Dr. Tayfun Küçükyılmaz 

 

 

Ağustos 2020, [#] sayfa 

 

TV reytingi evinde televizyon olan hanelerin bir televizyon programının yaklaşık izleme 

oranlarının tespiti için kullanılan sayısal bir kavramdır. Medya yatırımlarında en büyük 

payı olan televizyonun yatırım planlamaları ratinglere göre yapılmaktadır. Bu çalışmanın 

amacı Türk TV dizilerinin reytinglerini veri madenciliği teknikleri kullanarak 

uygulanabilir bir şekilde tahmin edebilen bir model geliştirmektir. Bu şekilde, TV 

yatırımlarının risklerinin azaltılmasına katkı sağlanabileceği planlanmaktadır. Bu 

kapsamda, 2014-2018 yılları arasında prime-time yayın akışında yer alan TV dizileri için 

makine öğrenmesi tekniklerini kullanarak tahminleme modelleri geliştirilmiştir. 

Çalışmada 4 farklı model tasarlanmıştır. Bu modellerin arasındaki temel farklıllık 

kullanılan özniteliklerdir. Kullanılan özellikler zaman bazlı, bölüm bazlı, dizi özellikleri, 

ve sosyal medyadaki dizi etkisi (Google Trends) adları altında dört grupta toplanabilir. 

Yapılan deneylerde geleceğe yönelik özniteliklerin de modelde kullanıması ile teorik 

model başarısı belirlenmiş, ardından kulanılabilir, pratik modeller geliştirilerek tahmin 

başarıları karşılaştırılmıştır. Deneyler sonucunda teorik modellerle %1.46 pratik 

modellerle ise %5.2 hata payı elde edilmiştir. 

Anahtar Kelimeler: Türk Dizileri Reyting Tahminlemesi, Makine Öğrenmesi, Türk 

Dizileri, Google Trends      
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CHAPTER 1 

 

 

INTRODUCTION 

 

 

 

Television broadcasting started as a tape broadcasting in 1968 and continued with 

color broadcasting in 1980s in Turkey. The first TV series and continuations only 

produced by TRT; state channel of Turkey, from 1974 to 1990s. In 1990s, private 

channels were started to open and after 2000s the number of private channels reach up to 

400s which cause to dynamic competitional environment in the sector. After 2000s, it can 

be said that leading channels were differentiated themselves as a series channel based on 

their revenue gained from the share of advertisements and exports of the series (Şentürk, 

2018). There will be seven TV channels in this study. The names of the channels can be 

found in publicly available resources, but it will not be given due to confidentiality.  

The simple definition of the rating for TV is the rate of watching a TV program 

of the households with a TV. It is a system which was produced as a measurement of 

marketing to ensure the right advertisement will be broadcasting at the right time to the 

right target in brief (Tekelioğlu, 2017) since there is huge amount of money exchange 

between channels, producers, and investors. 34.3 percent of the total world-wide media 

investments in 2017 were television investments and 37.3 percent for the digital tools. If 

we look at 2014, this figure was 38.1 percent for the television and 26.3 percent for the 

digital media. The fact that the volume of television investments is too high and the 

decrease in the volume of television investments is too low compared to the increase in 

the volume of investments made in the digital media shows that television is still the most 

important advertising medium. The expenditure of TV investments was 3.834 million TL 

in 2017 in Turkey. This amount was 47.8 percent of the total media investment and the 

investments for TV increases year by year (Deloitte, 2018). The high investment figures 
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on TV not only increase the importance of measurement rates, but also make it important 

to predict these rates in advance. 

In order to embody the amounts in TV investments numerically, the cost of a TV 

series' episodes varies on average between 500,000 TL and 2,000,000 TL. 9 percent of 

the total number of TV series are produced by TV channels while the rest are produced 

by producers. For producers, TV investments has more risk than channels. Channels 

generally make restitution of 3-4 episodes costs, if a TV series is removed from 

broadcasting before the 13th episode. Forecasting the success of a TV series as rates is 

important to reduce the investment risks for producers, channels and advertisers.  

In the TV sector where the risks are high as well as the revenues, fictional 

productions consist of TV series and films around the world produced at only 70 percent 

domestically and 3 percent of them are imported. 25 percent of the total imported fictions 

around the world are made in Turkey (Şentürk, 2018). In 2017, the revenue from the 

exports of the TV series exceeded 350 million dollars in Turkey. These amounts were 

ranked as the second one all around the world. Taking into consideration that TV series 

can create such a national income, the studies on TV series should be more. 

The rating measurement system can change from country to country based on the 

audience categorization and technology they have. In Turkey, Television Audience 

Measurement Committee (TİAK A.Ş.) which is a joint-stock company is responsible 

from organizing and supervising television monitoring researches. The configuration and 

management of the panel, the measurement and reporting of the comparative ratings of 

television channels are the services carried out by Kantar Media within the scope of the 

contract. 

Rating measurements reported based on the socio-economic status (S.E.S) of the 

audiences. There are five S.E.S group in Turkey as A, B, C, D, and E. Only contracting 

parties can reach up to detailed information about the S.E.S groups and rates score for 

each group for each program broadcasted in the TV. Rates of S.E.S group AB, ABC+20 

and total were publicly available when this study started. AB group is known as the most 

important one for marketers and investors since the purchasing powers are more than the 

other groups. In this manner, the prediction experiments will be done to predict AB 

ratings of the TV series. 



3 
 

The study will consist of seven main chapters: (2) Related Work, (3) Framework, 

(4) Used Programs and Algorithms, (5) Exploratory Data Analysis, (6) Experimental 

Setup, (7) Multi-level Rating Forecast Framework, and (8) Conclusion and 

Recommendations. 

In the second chapter, there will be literature review of previous work about 

predicting rates of a program, series, and channels in the TV. In the third chapter, there 

will be detailed framework of the study. It will cover the subjects of data gathering, 

preprocessing, and evaluation methods. The detailed information about the rating system, 

data structure of the study, data manipulation, feature engineering, and training and 

testing methods will be in this chapter. The environment which experiments are 

developed and algorithms which will be applied to the models will be detailly in chapter 

4. In the fifth chapter, there will be visual representations of the data set. Chapter 6 will 

consist of the experiments with a comparative narrative between both models and 

algorithms. In chapter 7, there will be models working with a multi-level machine 

learning infrastructure. In the last chapter there will be summary of the results and we 

present recommendations for future studies. 
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CHAPTER 2 

 

 

RELATED WORK 

 

 

 

Since the ratings of a program determine the cost of an advertisement and the 

reports show that TV is still important as an advertisement medium, accurate forecasting 

of the TV audience ratings will contribute money and time savings for the producers and 

investors. According to Danaher et al. (2011) even if the needs for accurate forecasting 

of TV is clear and mentioned in the industrial and academic studies, it is a neglected area. 

The topic was popular between 1970s and 1990s while after some point there is almost 

no study on it even though the development of the technology and data science. In these 

years, mostly regression and then time series analysis was used to forecast the TV 

audience ratings. After 2000s, most of the studies focus on individual ratings behavior of 

the audiences while few of the studies focus on social media like Facebook and Twitter 

in order to forecast the ratings of a program or a channel in a given time.  

To the best of our knowledge, the studies examined in this study can be divided 

into two groups based on the used data as individual data of the households’ peoplemeter 

and aggregated data of the all households’ peoplemeter. For instance, Danaher et al. 

(2011), Danaher & Dagger (2012), Sereday & Cui (2017), Ma et al. (2017), Ma et al. 

(2019), and Cheng et al. (2013) used aggregated data and no attributes related with 

individuals’ demographics while Pagano et al. (2015), Huang et al. (2013), and Meyer & 

Hyndman (2005) used individual data to forecast ratings. Meyer & Hyndman’s work is 

the only one that uses demographic attributes of the individuals. Even though individual 

data provides information about behavior of the audiences, it is hard to access since there 

is no public data because of proprietary reasons.   
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The studies can be categorized according to what they forecast as forecasting the 

ratings of a channel or a program or an individual for a certain time period. For instance, 

Danaher et al. (2011 & 2012), Ma et al. (2017), and Sereday & Cui (2017) forecast the 

rates of channels, Meyer & Hyndman (2005) forecast the rates of individuals in segments 

and populate, Pagano et al. (2015) forecast both the rates of individuals and channels, and 

Huang et al. (2013), Ma et al. (2019), and Cheng et al. (2013) forecast the rates of a 

program. 

Forecasting the rates of a program or channel is a supervised learning problem. 

Some of the studies used classification algorithms like neural networks, decision trees, 

gradient boosting machine, and nested logit (Meyer & Hyndman, 2005; Danaher et al., 

2012; Sereday & Cui, 2017) while some of the studies used regression algorithms such 

as ridge regression, stepwise regression, linear regression, Bayesian averaging, and 

genetic algorithms (Meyer & Hyndman, 2005; Danaher et al., 2011; Ma et al., 2011 & 

2012; Huang et al., 2013). The only study which used time series analysis like AR and 

ARX belongs to Pagano et al. (2015). Even if the used algorithms are different, some 

attributes are existed in each study like the day of week, year, duration, genre, and rerun 

except the studies focus on social media as a predictor.    

The studies about forecasting the TV ratings based on social media naturally 

consist of predictors related to specific programs or TV series such as number of posts 

and it’s like, shares, and comments for the specified pages.  According to Sommerdijk et 

al. (2016), forecasting TV ratings based on tweets is not favorable due to the number of 

tweets differs between the episodes of a program even if the correlation between the 

tweets and TV ratings sometimes very high. Kırık & Domaç (2016) also show that social 

media ratings based on twitter is not coincided with TV viewing ratings in Turkey since 

Twitter has the ability of interacting and sharing instantaneously regardless of time and 

place. On the other hand, Cheng et al. (2013) find out that using Facebook post has 

favorable results for forecasting the TV rates of a program.  They used ten attributes 

which are obtained from Facebook and TV companies and consist of the number of posts, 

likes, comments and shares of each post in the various program fan pages, and the counts 

of these from the fan page administrators and fans were calculated separately, previous 

episode TV rating, and 1st episode TV rating. Even if the results were closer to the actual 

values, their study includes only four program and good results may have been caused by 
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the popularity of the programs. Studies show that the most popular programs have 

correlated social media ratings with TV ratings and make the predictions easier 

(Sommerdijk et al., 2016; Kırık & Domaç, 2016).  

Hunter III et al. (2016) contributed an empirical study to determine the success 

factors of a new television series and prove the predictability of a dramatic TV series. 

They conducted the study based on 107 dramatic TV series which are broadcasted on the 

4 most popular US TV channel. They clarified that TV series adopted from a source like 

spin off and renewals are not associated with rating performance, creative team’s record 

has positive effect on rating performance, and the size of the text network of the first 

episode of a new series is positively associated with rating performance. Since they used 

generalized least square regression to test their three hypotheses mentioned above, the 

study shows that forecasting the ratings of a television series is possible. Even if there is 

no study which forecast the TV series rating based on these three assumptions, the study 

is important for this thesis because the concept consists of only series.  

Although the forecasting of TV ratings does not have much room in the literature, 

the studies that have been done so far and that have been described above show that this 

forecasting is possible and can be realized by different models and methodologies. In this 

regard, since the idea of this thesis focus on forecasting prime time TV series ratings in 

Turkey, the studies of Ma et al. (2011 & 2012) and Sereday & Cui (2017) are among the 

most attracted. 

Ma et al. (2017) developed a model to forecast period of 6 hours channel rates 

from an aggregated level data using the forward stepwise regression and used mean 

square error as a performance measure. The model consists of the following attributes: 

teleplay playback number, type, audience ratings, number of star actor and teleplay fans, 

and TV channel. They determined the relationship between these attributes.  In 2019, Ma 

et al. changed the used attributes as type of television, broadcasting time, program name, 

TV channel, and three main actors of a program to forecast the ratings of a program or 

channel within a period using ridge regression.  

Sereday & Cui (2017) used program characteristics like genre and air date/time, 

program performance like historic ratings, promotional support like market spend, 

audience engagement like TV brand effect, and social behavior like social ratings and 
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content as a variable in their datasets. When they were developing their projects, they 

explained that following machine learning algorithms was used to forecast TV channel 

ratings: penalized regression, linear regression, multiple adaptive regression splines, 

support vector machines, gradient boosting machine, random decision forests, and neural 

networks. Even if each method has its own downsides and superiorities, gradient boosting 

machine method which is a union (a model consists of many smaller models) that 

evaluates many decision trees provided the best at accuracy and scalability for their 

model. The data which they used is the most different among the all studies examined 

since they work in Nielsen company which measures TV ratings in the US over the five 

decades. 

The summarization of the studies based on used data, problem focus, and 

methodology covered in this part is given in the table below. 

 

Table 1 : Summarization of the related work. 

  
Referenced Work 

Used Data 

Individual 
Meyer & Hyndman (2005), Huang et al. (2013), 

Pagano et al. (2015) 

Aggregated 
Cheng et al. (2013), Danaher et al. (2011 & 2012), 

Sereday & Cui (2017), Ma et al. (2017 & 2019) 

Problem Focus 

Channel 
Danaher et al. (2011 & 2012), Pagano et al. 

(2015), Sereday & Cui (2017), Ma et al. (2017) 

Program 
Cheng et al. (2013), Huang et al. (2013), Ma et al. 

(2019) 

Certain Time Meyer & Hyndman (2005), Pagano et al. (2015)  

Methodology 

Classification 
Meyer & Hyndman (2005), Danaher et al. (2012), 

Sereday & Cui (2017) 

Regression 
Meyer & Hyndman (2005), Danaher et al. (2011), 

Huang et al. (2013), Ma et al. (2017 & 2019) 

Time Series Pagano et al. (2015) 
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CHAPTER 3 

 

 

FRAMEWORK 

 

 

 

In this section, how the data required for the study was gathered, what filtering 

processes were applied after the gathering, how new features were created from the data 

collected to strengthen the models, how important features were selected from the 

finalized data and which criteria were applied while training and test data sets were 

creating will be covered.  

The summary framework of this study is shown in Figure 1. The figure is 

composed of three main components. These components are acquisition (1) which covers 

gathering TV rates data, attributes of series, and google trends data; preprocessing (2) 

which covers filtering on gathered data, data transformations, feature engineering, and 

feature selection; and regression (3) which covers testing and training. 
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Figure 1: Framework of the thesis. 

 

3.1 ACQUISITION 

 

In this part, there will be brief description about how the response TV rating 

variable and its predictor data was collected. Predictor attributes consist of qualifier 

attributes like channel, date, start and end time which gathered with the response variable, 

attributes of series like genre, gender of the protagonist, information of originality, and 

the players, and google trends like google trends of the series and the players.  

3.1.1 Rating Data 

Rating, which is one of the main concepts in media planning due to showing how 

many reachable people at media tools to the media planners, is defined as the ratio of 

households with television or radio to watch any program in these tools. It is a percentage 

representation of the audiences who view a program within a specific time period or the 

average view rate of a program (Erol, 2007).  
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Since it is not possible to measure the true television viewing rate of everyone 

living in a country both physically and financially, the rating values are obtained by 

sampling. Due to the fact that the measurements are made with a small sample, the 

numbers are an estimate for the actual audience numbers. These estimates are expressed 

as percentages of the demographic universe, but it is more common to say that a program 

received 18 ratings instead of 18 percent. Ratings address all people in a particular age 

group living in a home with television and can be measured for both households and 

people (Sissors & Baron, 2010). 

According to Television Audience Measurement Committee (TİAK Inc.) which 

is a joint-stock company established to organize and supervise television surveillance 

research, in Turkey, sample selection consists of two stages: layering and selecting 

addresses for each layer.  At the first stage, the sample design is structured proportionally 

to the household distribution with the aim is to ensure that the chosen sample is distributed 

proportionally to different parts of the country and represents all groups. Since the 

average household size in Turkey, each province, including urban and rural settlements 

shows big differences, household distribution information based on district and 

neighborhood which is published by Turkey Statistic Institute (TUİK) is used to make 

more detailed geographic household size estimates. Sample selection was made for 40 

provinces in Turkey. At the second stage, proportional to population sizes, address blocks 

are selected with a starting point selected randomly within each layer. The sample data 

and sample design are used, obtained from the Institute of Statistics of Turkey (TUİK) 

consisting of 100 households block and since is not open to third parties, block selection 

is made by the TUİK. The sample data and sample design used in database research is 

updated every year and the database is updated every two years. TV audience 

measurement universe values for 2018 which is the latest published version by TİAK Inc. 

is shown in Table 2. 
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Table 2: 2018 TV Audience Measurement Universe Values. 

 
  

UNIVERSE  

(INDIVIDUALS / 000) 

UNIVERSE  

(100%) 

 5+ Individuals 58,367 1 

SOCIO-

ECONOMIC 

STATUS 

S.E.S. GROUPS 

SES AB 8,957 15.35 

SES C1 14,699 25.18 

SES C2 19,896 34.09 

SES DE 14,815 25.38 

HOUSEHOLD SIZE 

1-2 

INDIVIDUALS 9,673 16.57 

3-4 

INDIVIDUALS 24,172 41.41 

5+ 

INDIVIDUALS 24,522 42.01 

BROADCAST 

METHOD 

SATELLITE 55,633 95.32 

CABLE 2,032 3.48 

ONLY 

TERRESTRIAL 702 1.2 

TV NUMBER IN 

HOUSEHOLD 

1 40,890 70.06 

2+ 17,477 29.94 

GENDER 
FEMALE 29,313 50.22 

MALE 29,054 49.78 

AGE 

5 -14 9,975 17.09 

15 - 24 9,781 16.76 

25 - 34 9,878 16.92 

35 - 44  9,988 17.11 

45 - 54 7,852 13.45 

55+ 10,893 18.66 

EMPLOYMENT 

STATUS 

(15+ Age Group) 

Employed 19,045 32.63 

Unemployed  29,347 50.28 
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The published public data of the TV audience measurement is based on socio-

economic status groups as AB, ABC1+20, and total. To understand what these groups 

represent, the study of Odabaşı & Barış (2017) is summarized in the below. 

 

A S.E.S. Group 

A socio-economic group that spend the highest all around the world, in Turkey 

consists of about 568 thousand households and 2 million 800 thousand people. General 

common features are as listed in the below. 

• These households, whose annual expenditures are approximately 62,750 dollars, 

mostly consist of mega rich, business magnate, senior managers and self-

employed people. 

• Their houses with all durable consumer goods are high comfortable villas or 

luxury apartments. 

• Two-thirds of these people who have fun in elite venues, often go out for dinner, 

and have passions such as opera, ballet and classical music, have a holiday every 

year. 

• While mostly using credit cards in their purchases, their brand loyalty is high, 

especially the British and French brands. 

• They meet their daily needs from the markets where imported products are sold. 

• They have a close interest in politics as well as social club memberships. 

 

B S.E.S. Group 

B socio-economic group, which means middle upper, consists of 1 million 236 

thousand households and approximately 6 million 386 thousand people. General common 

features are as listed below. 

• These households, whose annual expenditures are approximately $27,250, mostly 

consist of private sector employees, journalists, writers, public senior managers 

and medium-large tradesmen. 

• Their houses are mostly three rooms, a living room, and comfortable apartments. 
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• These people who like to go out usually have a holiday in their summer house. 

• While the vast majority have bank accounts, there are brand curiosities especially 

in the clothing industry. 

• They meet their daily needs from hypermarkets on weekends. 

• They advocate the view of creating a world with values that are politically oriented 

towards the west. 

 

C1 and C2 S.E.S. Group 

The C socio-economic group, defined as the middle class, consists of 3 million 700 

thousand households and approximately 10 million 478 thousand people. General 

common features are as listed below. 

• These households, whose annual expenditures are approximately $9,350 for C1, 

$7,650 for C2, are mostly civil servants, workers, small tradesmen and retirees, 

while their education levels do not exceed middle and high schools. 

• Their homes are usually small apartments in cooperative sites, workers' and slum 

neighborhoods. 

• The biggest entertainment of these people, who do not like reading books and 

generally love pop and Turkish music, is watching TV. 

• These people with weak brand addiction evaluate their savings on home 

ownership, but their savings are low because they spend their income mostly on 

consumption. 

• They meet their daily needs from city bazaars and small markets. 

 

D and E S.E.S. Group 

While the D socio-economic group consists of about 22.7 million people, the group 

E consists of 11 million people. General common features are as listed below. 

• These households, whose annual expenditures are about $4,950 for group D and 

$3,200 for group E, are mostly unemployed, agricultural workers, small 
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tradesmen and marginal workers, while their education levels are generally 

primary school. 

• While their homes are located in the outskirts of the cities and towns, they have 

approached the upper classes in the ownership of durable consumer goods. 

• These people, who constantly watch TV, do not go to the cinema or theater and 

read books, mostly listen to arabesque music and play football as a social activity. 

• While shopping from cheap and installment stores, they meet their daily needs 

from bazaars and street stands. 

The number of the families, shares in the total families, and revenue share for each group 

is shown in Table 3.  

Table 3: Socio-Economic Status Distribution. 

Status 

Groups 

Share in the total 

families 

(%) 

Number of the 

families 
Revenue share  

(%) 

A 4.7 567,470 19.17 

B 10.3 1,235,066 18.47 

C1 16.9 2,029,326 22.22 

C2 13.8 1,655,926 12.40 

D 36.5 4,395,747 22.41 

E 17.8 2,142,306 5.33 

Total 100 12,025,841 100 

 

For general understanding, according to Odabaşı & Barış (2017), the research made in 

1987 and still believed to be valid, Table 4 shows Turkey’s social classes. 
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Table 4: Social Classification Example in Turkey. 

Social classes Share in the 

population 

(%) 

Layer Share in the total 

revenue 

(%) 

Merchant, industrialist, 

professional top 

managers 

2.2 Top 

28.7 
Big farmers, self-

employed, big 

bureaucrats and 

technocrats, colonels, 

generals, academics 

3.4 Top - Middle 

Small entrepreneurs, 

professional executives, 

medium-sized 

shopkeepers, officers, 

military officers 

30 
Bottom - 

Middle 
42.4 

Small tradesmen, petty 

officers, private and 

public sub-level officers, 

organized workers, small 

farmers 

34.51 Top - Bottom 23.3 

Farmers, unorganized 

workers and unemployed 

people 

29.89 
Bottom - 

Bottom 
5.6 

 

According to media and advertising investment report of Deloitte (2019), the 

estimated share of TV investments is 46% of 11 billion investment in 2019. The closest 

media investments to TV is digital platforms with 33% share which was increased by 

19% in comparison to 2018. The fact that the investments in TV broadcasts and 

advertisements are so high increases the importance of estimating TV watching 

measurements that according to Erol (2017) media planners use ratings to analyze 

television and radio programs in order to make investment on the programs and decide to 

the price of an advertisement which in the broadcast or the advertising breaks. 

TV rating data based on S.E.S groups is used to determine the target audience for 

the ads in TV since socio-economic status which is important for both advertisers and 

media planners determines the purchasing power. AB S.E.S group has the highest 

purchasing power, C1, C2, D and E S.E.S groups show the decrease in purchasing power 
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respectively. The advertisements of the programs with high total rating generally consist 

of the food sector, while the ones with high AB rating are in the automotive sector and 

those with the highest ABC1 rating are in the banking sector. There is some software to 

track viewing behavior, make simulations, observe audience’s movements between 

channels by using 8 seconds TV rating data due to make better media planning 

(Özkundakçı, 2011). 

According to studies of both Odabaşı & Barış (2017) and Özkundakçı (2011), AB 

S.E.S group shows the most buying power especially for expensive products since their 

revenue is higher than the others. Within this context, the concept of this study is 

narrowed down to predict the rates of AB S.E.S groups and assumed that this information 

will be more valuable than the predicting the others.   

To talk about how TV rating data is formed, TİAK defines the collection of TV 

audience measurement data is an integrated system which is using peoplemeter and 

consists of certain stages as shown in Figure 2.  

 

Figure 2 : The steps in TV audience measurement data creation. 

 

The first stage is the database research described above. The second stage is the 

creation of a panel which is a statistical example based on the specified representation 

criteria of the population to be measured. The households that make up the panel are 
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selected from the households that were interviewed in the database research and who 

agreed to participate in the panel. The third stage is the use of the viewer measuring device 

and the remote controller working with this device. What panel members need to do at 

this stage is to enable the device to record the monitoring by pressing the button which is 

existed for each household member on the remote controller allocated to himself  when 

they start and stop watching, so that a person-based measurement can be provided. It is 

checked whether this stage is done correctly periodically. The fourth stage is that the data 

collected in the audience measuring device is automatically transferred by the software 

to the data production center every day. The fifth stage after the data transfer is the process 

of approving, weighting and transforming the captured data into a format that the analysis 

software can use. In the sixth and the last stage of the system, the program and 

advertisement database covering the name, typology, start and end times of the 

publications are used. By combining the data from the audience measurement device with 

this database, the audience data reaches its final form where the user can also analyze the 

program and commercials. In this way, raw information from households is organized as 

notifications that show individual monitoring habits over time. 

In the past, daily rating data has been published to include the top 100 programs 

by giving program name, channel information, starting and ending date on several 

Internet websites. According to news on the Internet, since TİAK A.Ş. underlined 

publishing the rating data is not legal as “Rating data is a product purchased by 

subscribers in exchange for payment, and the data you have seen on websites until now 

have been obtained without permission and published by institutions and organizations 

that do not have the right to publish.”, there will be no longer public data for TV rating 

measurements (Koloğlu, 2020). However, implementation of not publishing data on the 

Internet didn’t start immediately in consequence of discussions and criticism about it. For 

a while, only Acun media company was published the TV rating data on the website 

https://www.tv8.com.tr/reyting-sonuclari. Later, websites and newspapers started to give 

top 10 programs based on ratings with the information of program name and channel but 

without rating measure by made a statement as “Due to the decision of TİAK, we cannot 

publish the details of the rating results and the top 100 program rankings.” (acunn.com, 

2020). 
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In this study, data gathered from the Internet (https://www.tv8.com.tr/reyting-

sonuclari) when data was public in 18th of April 2018. The daily data consisted of 100 

programs which can be anything on TV like news, TV shows, series not in prime-time, 

series in prime-time, summary of the series, matches, weather etc. Tv8 websites featured 

genre information, such as TV series, news programs, entertainment programs, real life, 

and a program's start and end time. 

To gather needed data web scrapping methods were used by using XML, xml2, 

rvest, and RCurl libraries for scraping and stringr and rlist libraries for manipulating the 

data in RStudio. Detailed information about libraries will be covered in used programs 

and algorithms section. In brief, web scraping basically works as reading a website’s 

source codes in HTML or XML format and then, scraping data from the read codes. In 

order to express which part of the code should be extracted for the required data, scraping 

is generated by selecting tags, nodes, classes, IDs or XPath that vary according to the 

library and function to be used. In this context, if we consider the 

“https://www.tv8.com.tr/reyting-sonuclari?tarih=01-01-2014” URL address as an 

example, the “tarih=01-01-2014” statement at the end of the address was used as a 

parameter and an algorithm has been created to extract data which is for AB S.E.S group, 

has genre value is series, doesn’t includes “summary” word at the title, start and end times 

are between 8 p.m. and 1 a.m., and date is between January 1, 2014 and April 18, 2018. 

An example view of TV ratings data which is screenshotted from tv8 websites is shown 

in Figure 3. 
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Figure 3 : An illustrative example of TV ratings data for top 10 programs. 

 

3.1.2 Attributes of Series 

Genre, gender of the protagonist, information of the originality, and the players 

are qualifier attributes of TV series on the context of this study.   

Genre and players were gathered from the Internet (https://www.diziler.com and 

https://www.dizisi.info.tr) by using the same web scrapping methods as the above were 

applied. For genre data, “https://www.diziler.com/dizi/dirilis-ertugrul” URL address can 

be given an example while for players data, “https://www.diziler.com/dizi/dirilis-

ertugrul/oyunculari” URL address can be given as an example. In these addresses, 

“dirilis-ertugrul” part was used as a parameter. In order to gather all series, the unique 

series names were extracted from the collected rating data, all letters converted into small, 

Turkish characters inside of the names were replaced with English characters, and spaces 

replaced with “-” punctuation. Some of the TV series don’t have a page in diziler.com 

website. For these TV series, same rules applied for “https://www.dizisi.info.tr/dirilis-

ertugrul/oyunculari/” URL address. If any TV series don’t have a page in both two 

addresses, their channels used as a resource and their players added into data by manually. 
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There is no prepared data at online or offline resources which can be scrapped or 

documented and includes information about the gender of the protagonist and originality 

of the series. These types of information required background knowledge about the TV 

series.  

To prepare gender of the protagonist data, TV series’ topic summaries were read, 

and its posters were examined. Topic summaries were used to understand which 

characters’ story is focused on the series and who was the most changing character in the 

series. On the other hand, person who stand in the front most in the poster of a TV series 

show mostly protagonist features. Combined information from these two, shaped the 

decision of who is protagonist in the series and then their genders are saved as a value. In 

order to check the reliability of the data, approval was received from Halid S. Şimşek 

who is a scenarist, director, and former academician at Radio and Television 

Programming department of Maltepe University. 

To prepare originality data, firstly, when reading the topic summaries of the series, 

if there is an information about whether it was imported from abroad or turned into series 

from a book, it was documented. However, if it was original there will be no information 

in topic summaries or anywhere else. To check TV series originality, the answers of the 

questions such as the imported TV series list in Turkey, TV series which comes from 

books in Turkey, whether ... (name of TV series) TV series is original was examined from 

the Internet. 

 

3.1.3 Google Trends 

Today, there is no product that would be unaffected from the online platforms in 

some way. In order to reflect the data generated in the online platforms while predicting 

the rates of TV series, considering the widespread use of the Google search engine in the 

world and in our country, Google Trends data is deemed to be highly representative and 

decided appropriate to use. 

Google Trends provides an anonymized, categorized, and aggregated time series 

data which shows search trends for specified terms in a specified region and standardized 

as dividing each data points by the total of the regions and time slot. Normalized data is 
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provided to prevent regions with the highest search volume from being rated as the 

highest in the search trend. Normalized data is scaled between 0 and 100 relying on a 

term's ratio over the all terms. Having the same search trend in more than one region for 

a given term does not indicate that the search volumes of these regions are the same 

(Google Trends FAQ, 2020). 

Gathering data from Google Trends can be made as shown in Figure 4 from the 

website https://trends.google.com/trends/explore. It works based on a query which can 

get parameters like country, time interval, category, search types that get values as web, 

images, news, YouTube, and Google Shopping. It provides a graph which shows interest 

over time and raw data which is belong to it can be downloaded from download icon 

above the graph in csv format. 

 

 

Figure 4 : An illustrative example of Google Trends Plot for sample keyword: “televizyon dizileri”. 

In this study, Google Trends data for both series and players were gathered. To be 

more efficient in gathering the data, gtrendsR package was used. Detailed information 

about the library will be covered in later, in section of used programs and algorithms. 

Power of using the library is that it allows to send queries repeatedly just saving it to the 

RStudio environment in order to make any calculations, merging data, or to do anything 

that can be done by R language. 
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Regarding which words related to a TV series should be obtained from Google 

Trend data, researching specific words which are related with a TV series has not been 

taken into account considering that the number of unique TV series in the rating data is 

too much, and also this type of research could be accomplished by examining all the TV 

series in detail and needed to have education degree from radio, cinema, and television. 

In this context, to gather TV series' Google Trends data an algorithm has been created. 

The algorithm uses a TV series name, broadcast day and 6 days after, and Turkey as the 

search term, time interval and region parameter, respectively, and then calculates average 

Google Trends value from the gathered 7 days data and produces an output which consists 

of TV series name, broadcast day, and the calculated value. 

For the players data, 4 players selected for each TV series. Selection was made 

based on the information gathered when preparing the gender of the protagonist data and 

assumed that players who has the part in the story and fronted in the TV series poster are 

more important players in the TV series. Similar algorithm which was described as the 

above has been created for the players by using players’ name, TV series broadcast day 

and 6 days after which players in it, and Turkey as the search term, time interval and 

region parameter, respectively. The output of this algorithm consists of TV series name, 

broadcast day, calculated 7-day average value of the first, second, third, fourth player, 

and average of four players for each day. The column-based orders of the players were 

randomly defined. 

The comparison chart of Google Trends data, which is queried with the defined 

category and the search term parameters with the first letter of each word capitalized and 

shown in blue line, and the Google Trends data, which is queried with the undefined 

category and search term parameters with lowercases and shown in red line, are shown in 

Figure 5. Even though the trend lines do not show very different slopes for this example, 

search term parameters of both algorithms has been formed with lowercase letters and the 

category parameter was deliberately left blank due to the thought that some players may 

not have been defined as actors or actresses and some TV series may not be defined as 

TV series. 
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Figure 5 : Comparison of uppercase and lowercase keyword results in Google Trends. 

 

3.2 PREPROCESSING 

 

To improve data quality some preprocessing techniques are applied. The techniques 

can be summarized as data cleaning, data integration and transformation, data reduction, 

and data discretization (Han & Kamber, 2011).  

Data cleaning processes is used to solve problems such as missing, wrong, and non-

standard values in the data, because in general, there is no clean data in large data 

warehouses that machine learning algorithms can be applied directly (García et al., 2015). 

The data within this study were clean in terms of missing or wrong values since addressed 

data for the problem is collected. However, some filtering operations were needed to 

improve implementations of the algorithms. In the first part of this section, filtering will 

be covered. 

Data integration is simply merging data from different sources such as rating data 

was gathered from one website, genre and players data were gathered from several 

websites, gender of the protagonist and information of the originality were created in file 

sources.  
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Data transformation constitutes of transforming data into convenient form using 

smoothing, aggregation, generalization, normalization, and attribute construction (Han & 

Kamber, 2011). Within this context, transforming unstructured players and genre data 

into structured form will be covered in data transformation part. 

The information in the data obtained may not always be enough for the machine 

learning algorithms to learn satisfactorily. In order to get the desired results and to 

improve the performance of the algorithms, it may be necessary to create new features 

from the existing data (Mueller & Massaron, 2016). It is called as feature engineering 

within the scope of this study. 

Data reduction includes data cube aggregation, discretization, attribute selection, 

dimensionality and numerosity reduction in order to obtain smaller data without losing to 

much information from the original data. These processes are performed in order to get 

almost the same result while increasing efficiency (Han & Kamber, 2011). Attribute 

selection which is also known as feature selection will be covered in the last part of this 

section. 

3.2.1 Filtering 

At the beginning of this study, an experiment was conducted to predict the rates 

of each TV series as single without any cleansing processes were applied. The experiment 

showed that for a series which has less than 9 episodes models cannot be built due to the 

lack of observations. In order to illustrate the lack of data consider the following case: if 

90% of the data is used as train and the rest as the test data, 8 observations will be in the 

train data while 1 observation will be in test data. The results were showed to tend on 

either overfitting or underfitting. Therefore, even for generic models, it was decided to 

not use the TV series which have less than 9 episodes in both train and test data of this 

study. 

3.2.2 Data Transformation 

The genre and player row data collected as described above does not consist of an 

equal number of values for each series. In other words, while 2 players have been 

collected for one series, 10 players may have been collected for another series, or another 

series can be more than one genre while a series is only one genre. To avoid from this 

situation, unique genre and player values have been transformed into attributes. 1 is 
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assigned as a value to the genre and players that a series belongs to, and 0 is assigned to 

others. 

 

3.2.3 Feature Engineering 

The data gathered until now consists of channel, date, start time, end time, genre, 

the gender of the protagonist, players, series’ and players’ names google trends as 

predictive variables and rating as response variable. New features were created based on 

these existed features to gain more perspective and information into the models. The 

details of the created features were given in Table 5. 

Table 5: Extracted Features. 

New Feature Existing Feature Explanation 

Year Date Year was extracted from date 

attribute as categorical variable. 

Day Date Broadcast day information was 

extracted from the date attribute as 

categorical variable. 

Duration Start time – End time Duration of a series were calculated 

as end time minus start time.  

Average of the last 

two episodes 

Rating For each series, the rating value of the 

episode was assigned as the initial 

value for the first episodes, and for the 

second and subsequent episodes, the 

average value of the last two episodes 

was calculated as the value of the 

relevant row. 

Maximum of the last 

two episodes 

Rating For each series, the rating value of the 

episode was assigned as the initial 

value for the first episodes, and for the 

second and subsequent episodes, the 

maximum value of the last two 
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New Feature Existing Feature Explanation 

episodes was assigned as the value of 

the relevant row. 

Minimum of the last 

two episodes 

Rating For each series, the rating value of the 

episode was assigned as the initial 

value for the first episodes, and for the 

second and subsequent episodes, the 

minimum value of the last two 

episodes was assigned as the value of 

the relevant row. 

Average of the last 

four episodes 

Rating For each series, the rating value of the 

first three episodes were assigned as 

the initial value for the first three 

episodes, and for the fourth and 

subsequent episodes, the average 

value of the last four episodes was 

calculated as the value of the relevant 

row. 

Maximum of the last 

four episodes 

Rating For each series, the rating value of the 

first three episodes were assigned as 

the initial value for the first three 

episodes, and for the fourth and 

subsequent episodes, the maximum 

value of the last four episodes was 

assigned as the value of the relevant 

row. 

Minimum of the last 

four episodes 

Rating For each series, the rating value of the 

first three episodes were assigned as 

the initial value for the first three 

episodes, and for the fourth and 
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New Feature Existing Feature Explanation 

subsequent episodes, the minimum 

value of the last four episodes was 

assigned as the value of the relevant 

row. 

Average of the last 

eight episodes 

Rating For each series, the rating value of the 

first seven episodes were assigned as 

the initial value for the first seven 

episodes, and for the eighth and 

subsequent episodes, the average 

value of the last eight episodes was 

calculated as the value of the relevant 

row. 

Maximum of the last 

eight episodes 

Rating For each series, the rating value of the 

first seven episodes were assigned as 

the initial value for the first seven 

episodes, and for the eighth and 

subsequent episodes, the maximum 

value of the last eight episodes was 

assigned as the value of the relevant 

row. 

Minimum of the last 

eight episodes 

Rating For each series, the rating value of the 

first seven episodes were assigned as 

the initial value for the first seven 

episodes, and for the eighth and 

subsequent episodes, the minimum 

value of the last eight episodes was 

assigned as the value of the relevant 

row. 
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3.3 NUMERIC CLASSIFICATION / REGRESSION 

Data mining approaches utilize in order to discover knowledge using two strategies: 

descriptive and predictive. The descriptive data mining tasks characterize the general 

properties of the data present in the database, while on the contrary the predictive data 

mining techniques deduce from the available data to make predictions. Basically, the 

descriptive data mining models interpret the relationships between the variables 

represented by the data and find out patterns in the data. In contrast, the predictive data 

mining models predict future outcomes based on historical data available in the database 

(Sondwale, 2015). 

Regression takes into account when predicted value is numerical and is defined as 

determining the relationship between a numerical dependent variable which the predicted 

value depends on the one or more independent variables which are called as predictors. 

The regression considers that there is a straight relationship between dependent and 

independent variable. Regression can be used for non-numerical dependent variables as 

classification like logistic regression which is used for binary predicted variables (Lantz, 

2015). 

Classification is simply predicting the value of a categorical variable and consists 

of two processes: learning and classification. Learning is a training phase created by a 

classifier using classification algorithms to define data classes by rules and classification 

is a testing phase by applying the rules to classify the test data and then new data when 

the estimated accuracy is acceptable. Numerical prediction differs from the classification 

based on the value to be predicted which has no longer classes even if the similar 

classification processes can be applied (Han & Kamber, 2011).  

When the value of the predicted value is known or labeled in the training data like 

in the regression and classification problems, the learning type of the machine is called 

as supervised learning. When the predicted value is unknown or not labeled and mostly 

aim to find hidden structures in the data, the learning type of the machine is called as 

unsupervised learning.  Supervised algorithms consist of naïve Bayesian algorithm, 

support vector machine, decision trees, rule-based algorithms, linear discriminant 

analysis, nearest neighbor algorithm, and neural networks (Mohammed et al., 2017). 

Table 6 shows general types of supervised and unsupervised algorithms (Lantz, 2015).  
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Table 6: Algorithms according to the learning types. 

Model Learning Task 

Supervised Learning Algorithms 

Nearest Neighbor Classification 

Naïve Bayes Classification 

Decision Trees Classification 

Classification Rule Learners Classification 

Linear Regression Numeric Prediction (Regression) 

Regression Trees Numeric Prediction (Regression) 

Model Trees Numeric Prediction (Regression) 

Neural Networks Dual use 

Support Vector Machines Dual use 

Unsupervised Learning Algorithms 

Association Rules Pattern detection 

k-means clustering Clustering 

 

 

3.3.1 Training and Testing 

Even if performing a test on the data which a machine learning algorithm has 

never used in learning processes is the best, waiting new data for testing may not be 

possible by considering the costs and time. The first way to splitting data into train and 
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test data sets, randomly split which is commonly 70% to 75% of the data for training and 

the rest for testing will be preferred. The second way can be splitting data into three parts: 

training by 70%, validation by 20%, and testing by 10% as suggested split to prevent the 

data snooping, if it is occurred in the learning process when only test split is done. To be 

reliable and avoid from overestimation or underestimation, performing randomly split is 

recommended (Mueller & Massaron, 2016).  

In time series, splitting data into train and testing data sets cause to two main 

problems. The first one is that using the past and present to predict the future doesn't 

imitate the uncertainty of the temporal. The second is that creating two time series with 

holes. To measure the performance, MAE (Mean Absolute Error), MAPE (Mean 

Absolute Percentage Error), and RMSE (Root Mean Squared Error) are common 

prediction accuracy measures (Shmueli & Lichtendahl, 2016). 

Since the TV series rating data is formed in weekly periods, it is close to a time 

series structure. Although it has been considered as a time series data in some studies, it 

has also been considered as a machine learning problem in many studies. Within the scope 

of this thesis, TV rating problem is modeled as machine learning problem, while the 

temporal nature of the problem is reflected while creating the training and test sets using 

temporal attributes. In this context, time-dependent test and training sets were created. 

The first 90% episodes of each series was assigned to the training set, while the last 10% 

episodes was assigned to the test set. In this way, the data was not divided into test and 

train sets randomly and the importance of time could be transferred to the test set that we 

tried to predict. To evaluate performance, RMSE metric was used. 
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CHAPTER 4 

 

 

USED PROGRAMS AND ALGORITHMS 

 

 

 

This thesis is executed with R programming language by using RStudio as an 

interface. In this part, firstly, there will be brief information about what is R, brief history 

of R, R editors, RStudio, benefits of R and Rstudio. After that, there will be detailed 

information about the used packages in the R and packages' main functions which were 

used to conduct this thesis. Last part will be cover detailed information about the 

algorithms which are used in supervised learning and the explanations about which 

algorithms were used in this thesis. 

4.1 R PROGRAMMING LANGUAGE AND RSTUDIO 

R, which is a free language and environment for statistical calculations and charts, 

is commonly used in the both academy and industry for data analysis and mining. R 

presents a lot of different methods which provided by range of different packages to 

analyze the data. In this way, R extends its functionality to cover comprehensive statistical 

and data mining problems such as exploring the data, data reduction, forecasting, 

prediction, classification, text mining, and associations by providing algorithms for both 

supervised and unsupervised learning (Shmueli et al., 2018). 

R is based on the S language originally developed by researchers at Bell 

Laboratories in New Jersey in the 1960s and 1970s. In order to adopt open source 

software, the developers of R - Ross Ihaka and Robert Gentleman from the University of 

Auckland in New Zealand published it under the GNU public license in the early 1990s 

(Davies, 2016). It got its name from the first letters of the names of its developers. In 

1997, a working group was formed by reaching the relevant people by e-mail, and after 
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that, the source codes were controlled by this group. R, very similar to the S language and 

published in 2000 as the first version, runs on almost all operating systems (Arslan, 2015). 

To understand the structure of R language, there are three fundamental principles: 

object defined as “everything that exists in R is an object”, function defined as 

“everything that happens in R is a function call”, and interface defined as “interfaces with 

other software are part of R”. The first two principles relate to two general paradigms in 

computing: object-oriented programming (OOP) and functional programming 

(Chambers, 2017, p. 4). 

On the other hand, its unique feature that strengthens the R language is its vector 

concept which is the reason for calling R as vector-based language. Being vector based, 

provides to make complex operations or calculations on the set of values within the vector 

in a single command. R is also called as an interpreted language which provide to create 

program based on your codes without need of a compiler. In despite of that, R is rich in 

code editor tools to make coding easier. As a standard interface, RStudio which is the 

most popular one provides coding via scripts or console, managing the environment, 

monitoring history, accessing local files and scripts on the computer, showing graphics, 

viewing installed packages, viewing dynamic web pages and presentations, detailed 

package documentations and information about functions in R. Besides RStudio, R can 

be developed in different editors such as RGui, Eclipse StatET, Emacs Speaks Statistics, 

Tinn-R, Rcommander, and Rattle (Vries & Meys, 2015). 

The R programming language has many benefits, and these can be listed as follows 

according to Matloff (2011) as a summary. 

• It is an open source implementation and accepted as standard from professionals.  

• It is comparable with paid products and most often powerful from them based on 

the diversity of available operations, visualizations, and programmability. 

• It can be used in different operating systems like Windows, Linux, and Mac. 

• It is a overall programming language that besides using for statistical virtues can 

be used for automated analyses and creating functions to extend its features. 

• It keeps all features of functional programming and object-oriented languages. 
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• Data sets can be saved into R environment, with in this way importing data isn’t 

necessary whenever starts to be coding. Also, it saves the coding history which 

can be useful for tracking older codes. 

• Since it is free software, the community of it is broader to find answers for all 

kinds of problems and its developments are ongoing processes like every time can 

be new functions which is created by leading statisticians. 

Besides the benefits of the R listed in the above, according to Chambers (2008) R has 

the power of the packages which provide trustworthy, useful, documented access to large 

diversified methods. He describes (p. 80) a R package which can be used session based 

as “collection of source code and other files that, when installed by R, allows the user to 

attach the related software by a call to the library() function” and documentation of a R 

package includes widely description, functions, methods, classes, and other objects.  

4.2 R PACKAGES 

There will be brief information about the used packages within the scope of this 

thesis in this part. Most of this information gathered from the documentations of the 

packages. These documentations are available at both Rstudio’s help part and cran R 

projects website which is “The Comprehensive R Archive Network”. The structure of 

these documentations’ webpages access link which is case sensitive is “https://cran.r-

project.org/web/packages/PACKAGE NAME/ PACKAGE NAME.pdf” which can be 

count as general reference for this part. If the package name is caret, then link will be 

“https://cran.r-project.org/web/packages/caret/caret.pdf”. The following table shows 

classification of the packages which used to conduct this study according to what they 

used for. The written information of the title and description in the table was directly 

gathered from documentations. 
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Table 7: Used packages categorization based on the need. 

Used for Package  

Name 

Title of the 

Package 

Description of the Package 

Data  

Manipulation 

dplyr 

A Grammar of 

Data 

Manipulation 

A fast, consistent tool for working with 

data frame like objects, both in memory 

and out of memory. 

stringr 

Simple, 

Consistent 

Wrappers for 

Common String 

Operations 

A consistent, simple and easy to use set 

of wrappers around the fantastic 'stringi' 

package.  

rlist 

A Toolbox for 

Non-Tabular 

Data 

Manipulation 

Provides a set of functions for data 

manipulation with list objects, including 

mapping, filtering, grouping, sorting, 

updating, searching, and other useful 

functions. 

Visualization ggplot2 

Create Elegant 

Data 

Visualisations 

Using the 

Grammar of 

Graphics 

A system for 'declaratively' creating 

graphics, based on “The Grammar of 

Graphics”. You provide the data, tell 

‘ggplot2’ how to map variables to 

aesthetics, what graphical primitives to 

use, and it takes care of the details. 

Model  

Building 

caret 

Classification 

and Regression 

Training 

Misc functions for training and plotting 

classification and regression models. 

RWeka 
R/Weka 

Interface 

An R interface to Weka (Version 3.9.3). 

Weka is a collection of machine 

learning algorithms for data mining 

tasks written in Java, containing tools 

for data pre-processing, classification, 

regression, clustering, association rules, 

and visualization. 

Web  

Scrapping 

XML 

Tools for 

Parsing and 

Generating 

XML Within R 

and S-Plus 

Many approaches for both reading and 

creating XML (and HTML) documents 

(including DTDs), both local and 

accessible via HTTP or FTP. Also offers 

access to an ‘XPath’ “interpreter”. 

xml2 Parse XML 

Work with XML files using a simple, 

consistent interface. Built on top of the 

‘libxml2’ C library. 

rvest 

Easily Harvest 

(Scrape) Web 

Pages 

Wrappers around the ‘xml2’ and ‘httr’ 

packages to make it easy to download, 

then manipulate, HTML and XML. 
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Used for Package  

Name 

Title of the 

Package 

Description of the Package 

RCurl 

General 

Network 

(HTTP/FTP/...) 

Client Interface 

for R 

Provides functions to allow one to 

compose general HTTP requests and 

provides convenient functions to fetch 

URIs, get & post forms, etc. and process 

the results returned by the Web server. 

gtrendsR 

Perform and 

Display Google 

Trends Queries 

An interface for retrieving and 

displaying the information returned 

online by Google Trends is provided. 

Trends (number of hits) over the time as 

well as geographic representation of the 

results can be displayed. 

 

Data manipulation packages were mostly used in the process of preparing data for 

web scraping, preparing data for modeling after scraping, and gathering google trend data. 

Stringr make easier and more standardize working with text data and it has some 

advantages which are names of the functions are consistent by mostly starting with str_, 

can deal with missing values, and ensure the output and input data has the same type 

(Vries & Meys, 2015). On the other hand, dplyr provides aggregated calculations by 

group_by() and summarise() functions. Letter conversion, replacing spaces, creating 

parameterized URLs, calculating averages of 7 days and assigning to related episode day, 

converting some gathered data into data frame format from list which is made by rlist etc. 

can be given an example for this type of processes.  

Visualizations covers created plots for descriptive statistics of the attributes which 

will be shown in later section. One of the most famous packages for visualization is 

ggplot2 and gg comes from “Grammar of Graphics”. It is powerful since has the wide 

range of advanced functions to control every part of the plot area and also good at scaling 

as a default (Vries & Meys, 2015).  

Caret, which stands for “Classification and Regression Training”, as the name 

suggest, provides complex algorithms for classification and regression problems. 

Although there are many dependent packages, they load the required packages into R 

only when needed, which increases the computing power while saving time. One of the 

most important function, train() is used for model fitting. More than 200 model can be 
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built up with this function with default parameters or tuning parameters. In evaluation of 

model, resampling, cross validation, and performance metrics can be used and for model 

selection it gives best model based on the used parameters by calculating performance 

with different metrics (Ramasubramanian & Singh, 2017).  Available models are listed 

in the documentation which can be found in page 173 under train_model_list title. In this 

study, train() function used for model building with default parameters since test data 

divided by some rules as covered in framework.    

Weka, short for Waikato Environment for Knowledge Analysis, was developed at 

Waikato University which is in New Zealand. It provides an interface to apply machine 

learning algorithms for data mining problems such as classification, clustering, regression 

etc. In Weka, learning methods are called as classifiers (Witten & Frank, 2005). RWeka 

mainly provides to access Weka classifiers. Using make_Weka_classifier function which 

requires the path of an algorithm, all algorithms can be available at Weka can be created 

in order to build models in R. For instance, to use additive regression algorithm of Weka, 

make_Weka_classifier (“weka/classifiers/meta/AdditiveRegression”) can be used to 

create the algorithm in R environment. Within this context, some of the algorithms in 

Weka were used in this thesis and it will be covered in the algorithms section in detail. 

To extract data from websites, rvest is commonly used package and has 

dependency with xml2 package. It has 3 main functions to data extraction. First one is 

read_html() which allows reading of the html codes of a url. Second one is html_nodes() 

which provides access to the nodes specified in the read html by giving information such 

as the class of the node. The last one is html_text() which is used to extract the text from 

the node being accessed as data. Since, the extracted text is not always as clean as can be 

seen on the website, stringr package is generally used with these packages to clean the 

text. These packages were used to gather genre and players of the TV series. 

XML package is also commonly used to extract data from websites with its own 

benefits. It has no defined dependency with RCurl package but in order to read URLs 

RCurl package is used. After the url is read, if there are defined tables in HTML codes of 

the page, readHTMLTable() function provides to extract all the tables as a list in the 

codes. To reach the table data, there is a need to extract from list structure which can be 

made with rlist package. After these steps, all tables will be convenient to use as a dataset. 
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These packages were used to gather TV series rates data which is in table structure as 

mentioned in the framework section. 

To collect Google Trends data, gtrendsR package is used. The function gtrends() 

performs sending query to Google Trends. It ensures that all parameters available on 

Google Trends website are used. The parameters required to collect the data needed for 

this thesis are as follows: keywords which are the words for data collection like “Aras 

Bulut İynemli” as a star or “Çukur” as a TV series, geo which defines the location of the 

formed data like “TR”, time which defines time spaces for the data such as “2019-01-01 

2010-01-08”. The function works in a session based which means that there is a limitation 

for the number of queries in a day. Therefore, even if the collecting Google Trends data 

is easier and faster by using R than collecting from Google Trends website by 

downloading data for each day, gathering of all the data needed has been a long process. 

4.3 NUMERICAL CLASSIFICATION ALGORITHMS 

Classification and numerical prediction are mostly covered under the same title in 

the literature. Included chapters under the of classification and numeric prediction and 

supervised learning types consists of k-Nearest Neighbors, Naïve Bayes classifier, 

decision tree induction, types of regression, rule-based classification, support vector 

machines, neural networks, ensemble methods (Han & Kamber, 2011; Mohammed et al., 

2017; Shmueli et al., 2018). In this section, there will be information about Naïve Bayes 

classifier, decision tree induction, rule-based classification, support vector machines, and 

types of regression. 

Bayesian classifier gives answer to the question that what is the tendency of being in 

the interested class. Basic classifiers work as the following principles finding which 

predictor values are identical, determining which class is most common and values belong 

to which classes, and assigning that class to the new response. Naïve Bayes classifier 

modifies these steps as the followings (Shmueli et al., 2018): 

• For a class, C1, predicts conditional probabilities to be classified in C1 of the 

interested value (X1) for each predictor as individual. 

• These probabilities multiply by a value's proportion of to be in C1, then by each 

other.  

• For each class, two steps in the above are repeated. 
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• Predicts a probability for class Ci through dividing the value that calculated in step 

2 for Ci by the sum of the calculated values in step 2 for each class. 

• Selects the highest probability of the predictor values within this data set and 

assign its class as that. 

• Step five can be change as assigning class according to cutoff probability methods 

when the interested case is relatively rare class and not to seeking maximum 

accuracy for all classes. 

In this thesis, bayesglm, Bayesian generalized linear model algorithm of caret 

package, which works with the Bayesian method, was used. The creators of the 

algorithm’s function in the R, explains the function as follows (Gelman et al., 2008, p. 

1366): 

The bayesglm function allows the user to specify independent prior distributions 

for the coefficients in the t family, with the default being Cauchy distributions with 

center 0 and scale set to 10 (for the regression intercept), 2.5 (for binary 

predictors), or 2.5/(2·sd), where sd is the standard deviation of the predictor in 

the data (for other numerical predictors). 

The learning of decision trees from classes which are labeled in the training set is 

called as decision tree induction. A decision tree is a flowchart-like tree structure, where 

each internal node denotes a test on an attribute, each branch represents an outcome of 

the test, each leaf node holds a class label, and the top node is called as the root. J. Ross 

Quinlan who is a machine learning researcher, developed a decision tree algorithm which 

known as ID3 in late 1970s. Later, he introduced C4.5 which is became a benchmark to 

newer algorithms (Han & Kamber, 2011). Quinlan explains the induction task of decision 

tree as the followings (Quinlan, 1986, p. 85-86):   

• The basis is a universe of objects that are described in terms of a collection of 

attributes.  

• Each attribute measures some important feature of an object. 

• Each object in the universe belongs to one of a set of mutually exclusive classes. 

• Major ingredient is a training set of objects whose class is known.  
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• Induction task is to develop a classification rule that can determine the class of 

any object from its values of the attributes. 

Decision tree methods can be used for predicting numerical response variables which 

is also called as regression trees. The work processes are the same based on the principles 

and the procedures (Shmueli et al., 2018). Within this manner, in this thesis, REPTree 

and M5P which are the decision tree algorithms of Weka and Random Forest algorithm 

in caret package were used. REPTree is an algorithm optimized based on speed which 

can build both decision and regression tree by using gain/variance reduction and reduced-

error pruning. Its speed come from sorting numeric attributes' values once. M5P is a 

model tree learner which construct trees of logistic model. It can be used to predict binary 

classes, multiple classes, and numeric attributes with the benefits of able to use both 

numeric and categorical attributes as predictor (Witten & Frank, 2005). Random forest 

algorithm creates set of decision trees which built on random samples that divided into 

nodes by different procedures. For each tree, used features are randomly subsetted. 

Algorithm is in search of finding a threshold which separates the data in best rather than 

finding the best choice. Consequently, there will be some trees trained better and some 

trees trained weaker but all of them will predict in a different way (Bonaccorso, 2017). 

According to documentation of caret package, random forest algorithm which was used 

in this thesis is implemented from Breiman’s algorithm. Breinman (2001) explains how 

random forests can be used for regression as forming it by creating growing trees based 

on a random vector which provide to take numerical values as the predictor unlike class 

labels. 

Rule-based classification creates a set of rules that result in IF-THEN. A rule can be 

exampled as IF “case” THEN “result”. The part of IF defined as rule antecedent while 

THEN part defined as rule consequent which is the decision of the classifier. IF part can 

consist of more than one attribute which can be joint by AND operator. One of the popular 

rule-based algorithms is sequential covering algorithm. Covering in the name of the 

algorithm means that for each class there are developed covers of rules for almost every 

tuple while sequential word refers to algorithm learn one rule at a time and repeats the 

processes until learns for each class (Mohammed et al., 2017).  
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In this thesis, cubist algorithm was used as a rule-based classifier algorithm with 

added instance-based corrections. Cubist is defined in the documentation as a prediction-

oriented regression model that combines the following idea of Quinlan: “M5 with 

additional corrections based on nearest neighbors in the training set” based on his works 

in 1992 and 1993. In R, cubist algorithm runs on a port of the Cubist GPL C code released 

by RuleQuest. In info document, RuleQuest underlines some of the important features of 

the algorithms as follows:  

• It maximizes interpretability by creating of rule collections where there is an 

associated multivariate linear model for each rule. When an observation meets a 

rule's condition, calculation of the predicted value is made by associated 

multivariate linear model. 

• It can work for databases contain millions of rows and thousands of attributes 

which can be both numeric and nominal. 

• It can use eight-core processors on one or more CPUs to speed up modeling and 

it is available at both Windows and Linux. 

Support vector machines were created by Vladimir Vapnik and his colleagues who 

are mathematicians in the 1990s. Most of the machine learning researcher were suspicious 

about the algorithm due to it has no similarity with existing methods. However, within 

time, it was gained popularity since it is applicable on most of the machine learning 

problems with success. Even though the mathematics under the algorithm can be 

complex, the idea starts with a simple process as dividing the data into two groups with a 

line which will be the best line to separate two classes as far as possible. After separation 

line reach the maximum margin between class boundaries, support vector machine takes 

place in the middle of this margin as line (Mueller & Massaron, 2016). Support vector 

machines can be used in types of regressions in order to make numeric predictions. It 

applies similar processes with classification as explained in the above. In this time, it 

learns relationship between tuples. SVMs can use kernel functions such as linear, 

polynomial, radial basis, and sigmoid (Han & Kamber, 2011).  

In this thesis, svmLinear which is called as “Support Vector Machines with Linear 

Kernel” function of caret package was used. The function works from dependent package 

kernlab. The documentation of kernlab clarifies that function uses John Platt’s SMO 
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(Sequential Minimal Optimization) to solve the support vector machine quadratic 

problems. The creator of the function explains how support vector machines modified for 

regression problems as by using a different loss function called the ε-insensitive loss 

function (Karatzoglou & Meyer, 2006).  

Regression is a statistical method which is used over the centuries. It is covered in all 

statistics books and courses in detail. It is the model that defines the relationship between 

numerical response variable and predictive variables (Shmueli et al., 2018).  

Simple linear regression contains one independent variable and one dependent variable 

which is illustrated with the following equation: 

y’ = a +  bx                                                                   (1) 

where b is equal to slope of regression line. 

Multiple linear regression takes account more than one independent variable while the 

dependent variable still one. It can be is illustrated with the following equation: 

                                                 y’ = a + b1x1 + b2x2 + b3x3 + …... + bkxk                                    (2) 

where x1, x2, x3, ......, xk are the independent predictor variables (Bluman, 2009). 

In 1972, GLMs, short for Generalized Linear Models, were presented by Neider 

and Wedderburn. GLMs basically provide a family of associative models which are 

intended to explain non-normal responses commonly used for regression analysis. In 

detail, these models do not have to choose a single transformation of the data to achieve 

their goals, such as normality, linearity and variance homogeneity. In years, the GLMs 

have developed based on the scope and usage (Dey et al., 2000).  

Within this thesis, glm and glm.nb function of caret was used. The first one is 

basic generalized linear model without any tuning parameter. The second one is 

“Negative Binomial Generalized Linear Model” which is a generalization of Poisson 

regression. 

Another technique in the regression, ridge regression is a biased method and 

mostly used in multicollinearity problems. It is an altered method from Least Square 

Estimation by removing unbiasedness of it and gaining more trustworthy and reasonable 
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regression coefficients (Ma et al., 2017). In this thesis, foba algorithm in the caret package 

was used. It is called as “Ridge Regression with Variable Selection” and short for Forward 

and Backward. In detail, it was created based on the Zhang's (2009) work, “Adaptive 

Forward-Backward Greedy Algorithm for Sparse Learning with Linear Models”. 

According to him, there are two main points in his approach, first, to eliminate errors 

caused by previous forward steps algorithm takes reasonable aggressive backward steps 

and second to avoid carrying out a lot of basic functions algorithm takes backward steps 

adaptively by ensuring that any backward steps don't cause to lose the gained in the 

forward steps. 

When the relationship between dependent and independent is not linear, non-

linear regression techniques are taken into consideration. Non-linear regression methods 

are also referred as generalized additive models in the literature. MARS (Multivariate 

Adaptive Regression Splines) which is convenient for high-dimensional problems can be 

thought as generalization of stepwise linear regression. It can be used for both in 

classification and regression problems (Friedman et al., 2001). To increase accuracy of 

the models, bagging which is short for bootstrap aggregation can be used. Bagging work 

as for each iteration creating a training set from tuples which sampled with replacement 

from the original data. Bagging algorithm creates a group of models which also called as 

ensemble models for a learning where each model provides an equally weighted 

prediction. 

In this thesis, Bagged MARS algorithm, bagEarth in caret package is used. 

Documentation explains that algorithm was created based on the Friedman’s two paper 

“Multivariate Adaptive Regression Splines” and “Fast MARS”. It modified as bagged 

version of Friedman’s MARS algorithm. The following table gives a summary view to 

algorithms described in this part. 
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Table 8: Used algorithms. 

Used 

Algorithm 

Learning Algorithm Used 

Package 

Algorithm Name in 

Package 

BAYESGLM Naïve Bayes Classifier caret 
Bayesian Generalized 

Linear Model 

REPTREE 

Decision Tree Induction 
Rweka 

REP Tree 

M5P M5P 

RF caret Random Forest 

CUBIST Rule-based Classification caret Cubist 

SVMLINEAR Support Vector Machines caret 
Support Vector Machines 

with Linear Kernel 

GLMNB 

Generalized Linear Models caret 

Negative Binomial 

Generalized Linear 

Model 

GLM 
Generalized Linear 

Model 

BAGEARTH 

Adaptive Regression caret 

Bagged MARS 

FOBA 
Ridge Regression with 

Variable Selection 
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CHAPTER 5 

 

 

EXPLORATORY DATA ANALYSIS 

 

 

 

 

Exploratory data analysis helps to make sense of the data. Summarizing the data 

which is for interpretation of the data by reducing without losing information is one of 

the exploratory data analysis tasks. To do this task, there are several methods such as 

summary tables, descriptive statistics, graphs, correlation analysis, and inferential 

statistics. Descriptive statistics includes column-based information like average, 

maximum and minimum values. Visualizing the data by drawing graphs makes it easier 

to understand the data distribution, make comparisons between attributes, and see trends 

and relationships. Box plots provides the information of descriptive statistics by 

visualizing the minimum, lower quantile, median, mean, upper quantile, and maximum 

value of an attribute (Myatt, 2007).  

In this manner, this part provides some descriptive statistics to give more insight of 

the data which consist of 5416 episodes and 171 different TV series. It includes graphs 

for attributes suitable for visualization, while it includes summary information for 

unsuitable ones. Graphs were drawn in RStudio using ggplot2 packages. There will be 

three main parts since the data used in this study can be divided into three groups 

according to information it provides as (1) rating data which consist of the information 

about rates, duration, channel, day, and year; (2) attributes of the series which consist of 

the information about genre, protagonist, originality, and actor/actresses; and (3) search 

trends of the series as google trends. 
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5.1 Rating Data 

• Channel 

There are seven different channels in the data. The first one is consisted of 1003 

observations with the mean of 4, maximum of almost 15, and minimum of 1 rating. The 

second one is consisted of 975 observations with the mean of almost 4.5, maximum of 

almost 14, and minimum of around 0.8. The third one is consisted of 1058 observations 

with the mean of 5, maximum of almost 15, and minimum of around 0.9. The fourth one 

is consisted of 533 observations with the mean of a little bit above 3, maximum of almost 

15, and minimum of around 0.8. The fifth one is consisted of 1060 observations with the 

mean of around 5.5, maximum of almost 20, and minimum of around 0.7. The sixth one 

is consisted of 755 observations with the mean of a little bit above 3, maximum of a little 

bit above 21, and minimum of around 0.3. The last one is consisted of 32 observations 

with of almost 2.5, maximum of almost 4.4, and minimum of around 0.7. Figure 6 shows 

the related box-plot graph for channels. 

 

Figure 6 : Boxplots of channel. 

 

• Day 

Monday has 773 observations with the mean of almost 5, maximum of almost 15, 

and minimum of around 0.3. Tuesday has 679 observations with the mean of around 5.3, 

maximum of almost 15, and minimum of around 0.9. Wednesday has 840 observations 

with the mean of around 4.8, maximum of a little bit above 21, and minimum of around 
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0.8. Thursday has 825 observations with the mean of 4.4, maximum of almost 13, and 

minimum of around 0.4. Friday has 906 observations with the mean of around 4.2, 

maximum of almost 15, and minimum around 0.6.  Saturday has 710 observations with 

the mean of almost 4, maximum of around 9.5, and minimum of around 0.7. Sunday has 

683 observations with the mean of around 3.8, maximum of a little bit above 10, and 

minimum of around 0.7. Figure 7 shows the related box-plot graph for days. 

 

 

Figure 7 : Boxplots of day. 

 

• Year 

The data consist of rating between 2014 and 2018. There are 1195 observations 

in 2014 with the mean of around 4.8, maximum of almost 20, and minimum of around 

0.6. There are 1334 observations in 2015 with the mean of around 4.2, maximum of 

around 15.2, and minimum of around 0.3. There are 1249 observations in 2016 with the 

mean of around 4.2, maximum of almost 19, and minimum of almost 0.9. There are 1247 

observations in 2017 with the mean of around 4.2, maximum of almost 21, and minimum 

of around 0.9. There are 391 observations in 2018 with the mean of around 5.2, maximum 

of around 21, and minimum of around 0.8. Figure 8 shows the related box-plot graph for 

years. 
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Figure 8 : Boxplots of year. 

 

• Duration 

Duration is an integer attribute in the data. To contribute the graph in the below, 

it was divided into four categories as 1-100 for episodes which duration is between 0 and 

100, 101-150 for episodes which duration is between 101 and 150, 151-200 for episodes 

which duration is between 151 and 200, and 200+ for episodes which duration is bigger 

than 200.  

There are 79 observations in 1-100 duration category with the mean of 2.8, 

maximum of around 8.6, and minimum of almost 1. There are 1022 observations in 101-

150 duration category with the mean of around 3.5, maximum of around 18.3, and 

minimum of around 0.3. There are 3532 observations in 151-200 duration category with 

the mean of 4.7, maximum of around 21.2, and minimum of around 0.8. There are 783 

observations in 200+ duration category with the mean of around 4.2, maximum of around 

19.2, and minimum of 1. Figure 9 shows the related box-plot graph for duration 

categories. 
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Figure 9 : Boxplots of duration. 

 

5.2 Attributes of the Series 

• Genre 

There are 12 genres in the data. Series can one genre or more than one genre. 

Therefore, the total number of the observations in the graph is not equal to overall data 

observation number. 

779 observations have action genre with the mean of around 5.5, maximum of 

around 14, and minimum of around 1. 330 observations have adventure genre with the 

mean of around 5.6, maximum of around 21.2, and minimum of 1.4. 1912 observations 

have comedy genre with the mean of around 3.9, maximum of almost 15, and minimum 

of around 0.7. 500 observations have action crime with the mean of around 4.8, maximum 

of around 14.8, and minimum of almost 1.2. 297 observations have detective genre with 

the mean of around 5.4, maximum of around 14.8, and minimum of almost 1. 1054 

observations have family genre with the mean of around 4.1, maximum of almost 15, and 

minimum of around 0.7. 448 observations have history genre with the mean of around 

6.7, maximum of around 21.2, and minimum of around 0.3. 244 observations have period 

genre with the mean of around 9.6, maximum of around 21.2, and minimum of around 

1.1. 3148 observations have romantic genre with the mean of around 4.2, maximum of 

almost 15, and minimum of around 0.3. 245 observations have thriller genre with the 

mean of around 6, maximum of around 14.8, and minimum of 1.4. 235 observations have 

war genre with the mean of 8.9, maximum of around 21.2, and minimum of almost 2.5. 
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743 observations have youth genre with the mean of around 4.2, maximum of almost 15, 

and minimum of around 0.3. Figure 10 shows the related box-plot graph for duration 

genre. 

 

Figure 10 : Boxplots of genre. 

 

• Protagonist 

There are 2764 observations which have female protagonist with the mean of 

almost 5.9, maximum of around 14.8, and minimum of almost 0.7. There are 2652 

observations which have male protagonist with the mean of around 6.7, maximum of 

around 21.2, and minimum of around 0.3. Figure 11 shows the related box-plot graph for 

protagonist. 

 

Figure 11 : Boxplots of protagonist. 
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• Originality 

 There are 4191 observations which are original with the mean of around 4.2, 

maximum of around 21.2, and minimum of around 0.3. There are 1225 observations 

which are spin-off with the mean of almost 4.7, maximum of around 14.8, and minimum 

of almost 0.7. Figure 12 shows the related box-plot graph for originality 

 

Figure 12 : Boxplots of originality. 

 

• Player 

To make graphical representations of players’ mean rates as the graph in Figure 13, mean 

was calculated based on the episodes they played. From white to black color, the mean 

rates increase.  

 

Figure 13 : Mean rating values of the episodes which players are played in. 
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5.3 Search Trends 

 

• Series’ Names 

Google Trends is an integer attribute which can have value between 0 and 100. 

To contribute Figure 14, it was divided into five categories as 0-45 for episodes which 

series’ name google trends is between 0 and 45, 46-50 for episodes which series’ name 

google trends is between 46 and 50, 51-55 for episodes which series’ name google trends 

is between 51 and 55, 56-60 for episodes which series’ name google trends is between 56 

and 60, and 60-100 for episodes which series’ name google trends is between 60 and 100. 

There are 666 observations in 0-45 Google Trends category with the mean of 4.9, 

maximum of around 21.2, and minimum of around 0.9. There are 1212 observations in 

46-50 Google Trends category with the mean of around 4.6, maximum of around 20.5, 

and minimum of around 0.6. There are 1527 observations in 51-55 Google Trends 

category with the mean of 4.4, maximum of around 19.8, and minimum of around 0.4. 

There are 1084 observations in 56-60 Google Trends category with the mean of 4.3, 

maximum of almost 15, and minimum of around 0.3. There are 927 observations in 61-

100 Google Trends category with the mean of around 3.7, maximum of around 14.3, and 

minimum of around 0.5.    

 

Figure 14 : Boxplots of series’ names Google Trends. 
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• Players’ Names 

To contribute Figure 15, Google Trends data of players’ names was divided into 

four categories as 0-45 for players which google trends is between 0 and 45, 46-55 for 

players which name google trends is between 46 and 55, 56-65 for players which google 

trends is between 56 and 65, 66-100 for players which google trends is between 66 and 

100 

There are 1268 observations in 0-45 Google Trends category with the mean of 

4.3, maximum of around 21.2, and minimum of around 0.3. There are 2166 observations 

in 46-55 Google Trends category with the mean of around 4.2, maximum of around 19.2, 

and minimum of around 0.6. There are 1586 observations in 56-65 Google Trends 

category with the mean of 4.5, maximum of around 19.8, and minimum of around 0.4. 

There are 380 observations in 66-100 Google Trends category with the mean of around 

4.8, maximum of around 12.3, and minimum of around 0.7.   

 

 

Figure 15 : Boxplots of players’ names Google Trends. 
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CHAPTER 6 

 

 

EXPERIMENTAL SETUP 

 

 

 

In this chapter, the results of the applied algorithms within the context of this 

thesis for each model is examined in order to predict Turkish prime-time TV series 

ratings. In the first part, there will be detailed information about which attributes 

mentioned in framework and exploratory analysis parts were used in the models. The 

second and third part will include comparative results of the applied algorithms which 

also covers the used programs and packages in detail. The second part consists of 

experiments for theoretical forecast performance, which is established by using time-

based attributes. The third part consists of practical forecast models in order to develop a 

model that can be used practically and without time-based attributes. 

Figure 16. shows the basic structure of the data set that will be used in the models. 

The figure was created based on the naming in the data gathering in the framework part 

(Figure 1.) in order to more comprehensive understanding.  
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Figure 16 : Framework of data set. 

 (1) Rating data which consists of rating, channel, day, year, and duration, (1.1) 

which will be called as time-based attributes consists of engineered features based on 

ratings: minimum, maximum, and average rating value of last 2, last 4, and last 8 

episodes, (2) attributes of series which consists of genre, gender of the protagonist, 

originality, and the 632 players, (2.1) attributes of series which consists of genre, gender 

of the protagonist, originality, and the 462 players which were determined in the works 

of Google Trends data preparation as 4 players for each TV series, (3) Google Trends 

data which consists of google trends of series’ name, and (4)  Google Trends data which 

consists of google trends of players’ name. 

In order to prove a more organized understanding of the conducted experiments, 

the attributes are categorized into 6 data modules. Table 9. summarizes the abbreviations, 

their descriptions and a short summary of the attributes in the modules. In the forthcoming 

discussions these abbreviations will be used in order to differentiate separate experiments. 
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Table 9: Data modules abbreviations. 

ABBREVIATION FULL NAME ATTRIBUTES 

TB Time-based 

Minimum, maximum, and 

average rating value of last 2, 4, 

and 8 episodes 

PB Player-based Players (632 or 462) 

GTs Google Trends of Series Google Trends of series’ name 

GT Google Trends 
Google Trends of both series’ 

and players’ name 

SR Series Related Genre, protagonist, originality 

EB Episode-based Channel, day, year, duration 

 

6.1 Time-based Experiments 

In this part, there will be comparisons of the models which always include TB 

module-attributes with and without other modules. Note that such attributes constitute to 

time series-related information on the series, which may not always be practically 

applicable to all series (e.g. as discussed in Chapter 2, the literature provides solid 

evidence that using machine learning models for series with only a few episodes result in 

unreliable models). Hence, experiments containing such attributes would be used as a 

baseline for the experimental models while maintaining the fact that they may not result 

in practical results. This part focused on the evaluating the best model based on RMSE 

value while computation time is minimum as possible as. There will also be no model 

which does not include episode-based module’s attributes since it contains basic 

information about each episode. A separate module for episode-based module-attributes 

was made to distinguish whether the attributes in the series related module-attributes are 

used or not. 

The first result will be the model which consists of only TB module. It can be 

considered as the most intuitive and simplest model. The aim of experiments in this part 

is to improve the results of the model by adding other module-attributes into the model. 

Improvements can be twofold: getting lower RMSE and RMSE (%) values or computing 

the models in shorter time. The results of the model with TB module are provided in Table 

10. Bold entries in the table notifies best performing results. 
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Table 10: Fundamental model: TB. 

 TB 

Algorithm RMSE RMSE 

(%) 

Computation  

Time (s) 

BAGEARTH 0.35 1.64 136.58 

BAYESGLM 0.35 1.65 3.59 

CUBIST 0.37 1.74 257.01 

FOBA 0.35 1.65 9.72 

GLM 0.35 1.65 11.82 

GLMNB 0.35 1.66 36.91 

M5P 0.35 1.64 1.55 

REPTREE 0.42 1.97 0.43 

RF 0.38 1.80 3134.05 

SVMLINEAR 0.36 1.71 155.34 

 

BAGEARTH algorithm performs best with respect to RMSE and RMSE (%) 

values while, REPTREE algorithm is better at computing in minimum time. However, 

the results show that BAGEARTH algorithm is computationally costly compared to M5P 

algorithm while the results of RMSE and RMSE (%) values are not significantly different. 

Therefore, the overall best algorithm can be considered as M5P for this model. In the rest 

of this section, comparative experiments in order to reach smaller RMSE values than 0.35 

or less time than 1.55 seconds with RMSE is around 0.35 will be conducted. 

The second constructed model will be composed of TB, PB (632), and SR module-

attributes and the model which consists of TB, PB (462), and SR module-attributes. The 

aim of this comparison is to examine that whether gathering more information would be 

valuable or not in order to improve result quality. The results of the models are provided 

in the Table 11. Bold entries in the table notifies best performing models. 
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Table 11: The effect of PB module on the performance of models. 

 TB + SR + PB (632)  TB + SR + PB (462) 

Algorithm RMSE RMSE 

(%) 

Comp.  

Time (s) 

RMSE RMSE 

(%) 

Comp.  

Time (s) 

BAGEARTH 0.35 1.64 3289.48 0.35 1.64 1847.05 

BAYESGLM 0.36 1.72 1355.98 0.36 1.72 409.56 

CUBIST 0.37 1.75 2650.93 0.37 1.74 1716.01 

FOBA 0.35 1.66 2749.11 0.35 1.66 1843.95 

GLM 0.36 1.72 329.28 0.36 1.72 114.08 

GLMNB 0.36 1.72 2322.45 0.36 1.72 943.46 

M5P 0.35 1.64 12.00 0.35 1.65 5.77 

REPTREE 0.42 1.96 7.13 0.42 1.97 3.42 

RF 0.39 1.83 37872.84 0.39 1.82 27023.23 

SVMLINEAR 0.39 1.82 2557.25 0.37 1.74 621.81 

 

The best result of the two models is achieved by BAGEARTH algorithm with 

0.35 RMSE value and 1.64 RMSE (%) value. In the experiments, the computation time 

is reduced by almost a half by using fewer players for each series (i.e., 462 players instead 

of 632).  REPTREE algorithm is better at computing in minimum time, while RMSE 

value of algorithm is slightly larger than that of BAGEARTH. M5P algorithm again 

provides well rounded performance for the models since RMSE and RMSE (%) values 

are not significantly different from BAGEARTH algorithm while computation time is 

significantly low.  

When we examine the results of the two models for all algorithms, there is no 

significant difference on the result quality, while computational performance of almost 

all algorithms is doubled. In some models, the reduction in the computational time reaches 

up to quadruple. Considering the cost of collecting player information for each series and 

the results of the models, it makes more sense to use models containing the PB module-

attributes with 462 players. 

The second comparison will be performed between the models consisting of TB, 

SR, PB (462), and GTs module-attributes, TB and GTs module-attributes, and TB and 

GT module-attributes. The aim of this comparison is to examine that whether using GT 

module-attributes for players is valuable. The results of the models are given in the Table 

12. Bold entries in the table notifies best performing models.  
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Table 12: The effect of GT and GTs modules on the performance of models. 

 TB + SR + PB (462) + GTs TB + GTs TB + GT 

Algorithm RMSE RMSE 

(%) 

Computation  

Time (s) 

RMSE RMSE 

(%) 

Computation  

Time (s) 

RMSE RMSE 

(%) 

Computation 

Time (s) 

BAGEARTH 0.35 1.64 1790.34 0.35 1.64 146.47 0.35 1.64 169.90 

BAYESGLM 0.36 1.71 398.06 0.35 1.65 3.83 0.35 1.67 4.95 

CUBIST 0.37 1.73 1931.91 0.37 1.76 273.36 0.36 1.72 367.49 

FOBA 0.35 1.66 1869.72 0.35 1.65 12.44 0.35 1.67 12.65 

GLM 0.36 1.71 131.80 0.35 1.65 2.23 0.35 1.67 2.67 

GLMNB 0.36 1.71 952.25 0.35 1.65 36.39 0.35 1.66 37.73 

M5P 0.35 1.64 8.12 0.35 1.64 0.94 0.35 1.66 1.10 

REPTREE 0.42 1.97 2.98 0.42 1.97 0.39 0.42 1.99 0.67 

RF 0.39 1.81 27349.54 0.38 1.78 3139.66 0.38 1.77 3866.76 

SVMLINEAR 0.37 1.73 702.05 0.36 1.71 169.09 0.36 1.71 206.27 
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Based on RMSE and RMSE (%) value, M5P algorithm performs best using TB, 

SR, PB (462), and GTs module-attributes, BAGEARTH algorithm performs best using 

TB and GTs module-attributes and TB and GT module-attributes according to unrounded 

results. Computation time is minimum with REPTREE algorithm for all three models. 

For the first experiment notified as columns 2-5 of Table 12, differences of computation 

time between M5P and REPTREE algorithm can be considered as the best performing 

models as the RMSE and RMSE (%) values are significantly low, while computationally 

they perform better than the rest of the models. For the second and third experiment 

notified in the columns 6-8 and 9-11 of Table 12 respectively, computation time of 

BAGEARTH algorithm is significantly higher than that of M5P algorithm while in terms 

of result quality, it has performed similarly to other models.  

In detail, when we examine the overall results, there is no significant difference 

between the best results of the three models according to the RMSE and RMSE (%) 

values, nor do they differ significantly from the best results of the model which consists 

of TB, SR, and PB (462) module-attributes in the previous experiment presented in Table 

11. However, the computation time is reduced significantly in the second set of 

experiments. 

In the light of these results, it can be concluded that the using player data does not 

have much contribution when the time-based module-attributes are included in the 

models. However also note that the experiments here are conducted on TV series data 

that containing only acceptable number of episodes, while the merit of TV rating forecast 

is even more valuable if it is possible to apply the models on new TV series which would 

require models not containing time-based module-attributes. Thus, when considered in a 

practical sense, the models in Table 12 still have potential merits.  Considering that the 

Google Trends data of players' names cannot be collected without player information, the 

comparison in the second and third models was made to discuss the necessity of this data. 

As clarified in the above, there are no significant improvements between these models. 

In this context, it can be said that Google Trends of TV series' name are sufficient alone 

when the time-based module is included in the models. 
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The aim of the experiments carried out so far was to improve the performance of 

the model, in which only the TB module was used at the beginning of this part. There is 

no achieved performance improvement over RMSE and RMSE (%) values. However, 

while the RMSE value for the M5P algorithm of the model using TB and GTs module-

attributes is almost the same, the computation time is reduced from 1.55 to 0.94 seconds. 

These results show that the TB module dominates the models. At this point, we 

would like to note that, as explained at the beginning of the chapter, the EB module-

attributes are in the model where only the TB module-attributes are used, as in all models. 

Since this can be caused the questions about the necessity of EB module-attributes, a final 

experiment is constructed using TB module-attributes without the EB module-attributes. 

The results of the experiment are provided in Table 13. Bold entries in the table notifies 

best results. 

Table 13: The effect of EB module on the performance of models. 

 TB without EB 

Algorithm RMSE RMSE 

(%) 

Computation 

Time (s) 

BAGEARTH 0.35 1.64 96.02 

BAYESGLM 0.35 1.64 2.71 

CUBIST 0.37 1.74 209.18 

FOBA 0.35 1.64 3.50 

GLM 0.35 1.64 1.52 

GLMNB 0.35 1.65 34.62 

M5P 0.43 2.02 1.47 

REPTREE 0.42 1.98 0.55 

RF 0.37 1.75 2189.97 

SVMLINEAR 0.36 1.71 48.63 

 

The model containing TB and EB module-attributes achieves best results using 

M5P algorithm with 0.35 RMSE and 1.64 RMSE (%) values. As presented in Table 13, 

without EB module-attributes, M5P algorithm’s RMSE and RMSE (%) values are 

improved. 

As a concluding discussion on the results in this chapter, an RMSE reduction 

cannot be achieved even when using an extensive set of attributes. The best overall results 

that can be achieved through the experiments are achieved using the models containing 
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TB and GTs module-attributes with M5P models. However, as discussed previously 

practicality is another important issue to consider in the TV rating forecast problem. For 

this reason, we conduct a second set of experiments that does not contain TB module-

attributes, which would provide mode practically viable models. In the next section, the 

results of these experiments are discussed. 

6.2 Practical Experiments 

As discussed in the previous section, The TB module-attributes requires at least 9 

episodes of a TV series to be useful. If the rating of a TV series can be estimated before 

the TV series is released, the provided models would only then be valuable for the TV 

industry. In this context, in this part of the study, the results obtained without the TB 

module-attributes will be covered. 

As a first experiment, the results of the model with using only EB module-attributes 

are provided. It can be considered as baseline model for the set of experiments in this 

section. The results of the model are presented in Table 14. Bold entries in the Table 

represent the best performing models. 

Table 14: Fundamental model: EB. 

 EB 

Algorithm RMSE RMSE 

(%) 

Computation  

Time (s) 

BAGEARTH 3.10 14.58 364.68 

BAYESGLM 3.15 14.85 3.30 

CUBIST 1.79 8.45 171.34 

FOBA 3.15 14.85 5.66 

GLM 3.15 14.85 2.21 

GLMNB 3.15 14.85 51.74 

M5P 2.54 11.98 1.68 

REPTREE 1.70 8.01 0.47 

RF 1.85 8.71 1966.50 

SVMLINEAR 3.10 14.58 85.36 

 

REPTREE algorithm performs best in terms of result quality with RMSE value 

1.7 and computation time in milliseconds. As presented in Table 14, the error rate of all 

models has been increased when TB module is not included in the model. The rest of this 

section will focus on how to prevent the reduction in the result quality without the TB 
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module. As in the previous section, there will be a comparative study of the models and 

EB module-attributes will be included in all models. 

First experiment here contains models containing SR module-attributes and the 

model containing SR and PB (462) module-attributes. There will be no experiments for 

models containing PB (632) module-attributes, since as established in the previous 

sections, using 462 players is sufficient in terms of the model’s performance. The aim of 

this comparison is to observe how PB module-attributes affect the model performance. 

The results of the models are given in Table 15. Bold entries in the table report the best 

performing models. 

Table 15: The effect of PB module on the performance of models in practical experiments. 

 SR SR + PB (462) 

Algorithm RMSE RMSE 

(%) 

Comp. 

Time (s) 

RMSE RMSE 

(%) 

Comp. 

Time (s) 

BAGEARTH 2.58 12.15 1246.41 2.14 10.09 68591.60 

BAYESGLM 2.60 12.26 4.24 1.98 9.32 437.71 

CUBIST 1.63 7.66 265.98 1.49 7.03 2457.63 

FOBA 2.60 12.26 14.88 1.98 9.32 2374.60 

GLM 2.60 12.26 2.43 1.98 9.32 115.58 

GLMNB 2.50 11.79 72.77 1.94 9.13 1070.03 

M5P 1.79 8.43 1.43 1.77 8.35 7.13 

REPTREE 1.41 6.66 0.86 1.71 8.07 2.89 

RF 1.57 7.40 3653.84 1.58 7.44 48383.33 

SVMLINEAR 2.52 11.88 165.19 1.86 8.74 672.87 

 

The model with SR module-attributes achieves best result using REPTREE 

algorithm with 1.41 RMSE value and best computation time. The model with SR and PB 

(462) module-attributes achieves the best result using CUBIST algorithm and 

computation time is around 40 minutes. In terms of the RMSE value, almost all of the 

algorithms tend to provide better results in the first model with respect to the second 

model. Likewise, calculation times tended to increase. 

GT module-attributes was effective in the models which TB module included. In 

this context, the second comparison will be between the model which consists of SR and 

GTs module and the model which consists of SR and GT model. The aim of this 

experiments is to observe how GT module affects the model performance and whether 
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GTs module enough alone. The results of the models are given in Table 16. Bold entries 

in the table represent the best performing models. 

Table 16: The effect of GT and GTs modules on the performance of models in practical experiments. 

 SR + GT  SR + GTs 

Model RMSE RMSE 

(%) 

Comp. 

Time (s) 

RMSE RMSE 

(%) 

Comp.  

Time (s) 

BAGEARTH 2.59 12.18 2527.84 2.65 12.46 1456.82 

BAYESGLM 2.58 12.14 5.18 2.62 12.35 4.79 

CUBIST 1.54 7.26 462.97 1.57 7.39 277.80 

FOBA 2.58 12.14 16.24 2.62 12.35 13.72 

GLM 2.58 12.14 2.87 2.62 12.35 2.64 

GLMNB 2.46 11.59 83.79 2.51 11.83 62.68 

M5P 1.81 8.54 1.10 1.78 8.37 1.82 

REPTREE 1.55 7.29 0.40 1.40 6.60 0.69 

RF 1.68 7.92 5004.68 1.60 7.53 3425.94 

SVMLINEAR 2.49 11.71 249.42 2.51 11.80 912.30 

 

The first model has the best result with 1.54 RMSE value and almost in 8 minutes 

by CUBIST algorithm. The second model with the best result with 1.4% RMSE value 

and small computation time is REPTREE algorithm. The results of the latter of the models 

show tendency of increase compared to the models which containing SR and PB (462) 

module-attributes and SR and GTs module-attributes in terms of RMSE values. The 

former model has the best result quality among the other models. 

Considering the results of the models that have been established so far, it can be 

said that the aim in this section to establish a model that performs better without the TB 

module is reached by the model which consists of SR and GTs modules. The fundamental 

model of this part, which has only the EB model, provides a performance of 1.7 RMSE, 

while the model with SR and GTs modules decreased this value to 1.4. 

In the prediction of TV series ratings, no solution has been found to replace the 

TB module as well. The fact that the rating values depend on time was not surprising 

considering that the data occurred in periods. The TB module was created to reflect the 

effect of time windows on models. The time windows that the TB module provided was 

thought to be capable of providing Google Trends data, so it was mostly hoped that it 

would provide improvements in this part. However, considering that Google Trends data 
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is normalized data, we see that it cannot give the desired effect. The data that can be 

included in the models to provide the expected improvement requires the knowledge and 

experience in the sectoral sense and may be the subject of another study. 

Since predicting TV series ratings has not been studied in Turkey, this study can 

be considered as valuable and applicable in the sector. However, the aim of obtaining a 

good result as much as the models with the TB module has been achieved so much with 

the available data. In this context, experiments, which we call two-level machine learning, 

have been carried out in order to examine the successful and unsuccessful models in more 

detail and to guide future studies. The next chapter will be focus on these experiments. 
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CHAPTER 7 

 

 

MULTILEVEL RATING FORECAST FRAMEWORK 

 

 

 

In order to examine why the results of the models are not good enough, especially 

in the models where TB module-attributes is not included, further analysis was made by 

examining the results of applied algorithms at episode level.  

As an example, the REPTREE algorithm for the model consists of SR and GTs 

modules predicted ratings of some episodes as 2.36, 4.09, 9.89 and 17.99 where the actual 

rating values were 0.9, 1.01, 11.25 and 20.07 as 2.36, respectively. The differences 

between predicted and actual values suggested that the success of the established models 

at first glance is lower in predicting episodes with high ratings or episodes with low 

ratings.  

To determine the accuracy of the suggest, advanced models were created in which 

the higher and lower rating sequences than the average of the data set was not included 

in the models, respectively. This method is called as high-rating outlier and low-rating 

outlier elimination. To do this experiment, two new attributes, high and low, which can 

have values of zero and one, have been created. If an episodes' rating is higher than or 

equal to the average rating of the data set, the value of the high attribute is assign to 1, 

while the value of the low attribute is assign to 0. In this context, two models have been 

established to compare the results with and without TB module. 
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Table 17 shows abbreviations and meanings which were used in the results tables 

in this part of the thesis. 

Table 17: Results table headers abbreviations. 

ABBREVIATION Meaning 

HROE High-Rating Outlier Elimination 

w/o E without elimination 

LROE Low-Rating Outlier Elimination 

CT (s) Computation Time (s) 

 

The first model consists of TB, EB, SR, PB (462), and GTs module-attributes and 

second model consists of EB, SR, and GTs module-attributes. The results are given in 

Table 18 and Table 19, respectively. 

Table 18: High and Low Rating Outlier Elimination: TB + EB + SR + PB (462) + GTs. 

Algorithm CT (s) 
RMSE 

HROE 

RMSE 

w/o E  

RMSE 

LROE 

RMSE 

(%) 

HROE 

RMSE 

(%) 

w/o E 

RMSE 

(%) 

LROE 

BAGEARTH 2685.71 0.31 0.35 0.43 1.46 1.65 2.02 

BAYESGLM 508.01 0.32 0.36 0.45 1.51 1.69 2.12 

CUBIST 2649.92 0.34 0.37 0.43 1.60 1.74 2.02 

FOBA 1843.16 0.31 0.35 0.43 1.46 1.65 2.02 

GLM 110.01 0.32 0.36 0.45 1.51 1.69 2.12 

GLMNB 1124.93 0.32 0.36 0.45 1.51 1.69 2.12 

M5P 16.78 0.31 0.35 0.43 1.46 1.65 2.02 

REPTREE 4.11 0.37 0.42 0.52 1.74 1.98 2.45 

RF 21713.52 0.35 0.39 0.46 1.65 1.84 2.17 

SVMLINEAR 1033.61 0.33 0.37 0.45 1.55 1.74 2.12 

 

When the episodes with high ratings from the data set were eliminated, it was 

observed that the RMSE value decreased to 0.31 from 0.35 with M5P algorithm. On the 

other hand, when the episodes with low ratings were eliminated, an increase in RMSE 

value is observed from 0.35 to 0.43.  
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Table 19: High and Low Rating Outlier Elimination: EB + SR + GTs. 

Algorithm CT (s) 
RMSE 

HROE 

RMSE 

w/o E 

RMSE 

LROE 

RMSE 

(%) 

HROE 

RMSE 

(%) 

w/o E 

RMSE 

(%) 

LROE 

BAGEARTH 1582.97 2.62 2.65 2.70 12.31 12.46 12.70 

BAYESGLM 10.68 2.58 2.62 2.74 12.13 12.35 12.91 

CUBIST 285.54 1.28 1.57 2.13 6.03 7.39 10.04 

FOBA 22.83 2.58 2.62 2.74 12.12 12.35 12.91 

GLM 6.93 2.58 2.62 2.74 12.12 12.35 12.91 

GLMNB 86.99 2.50 2.51 2.56 11.77 11.83 12.04 

M5P 1.66 1.72 1.78 1.93 8.12 8.37 9.08 

REPTREE 0.86 1.27 1.40 1.69 5.99 6.60 7.94 

RF 89780.24 1.32 1.60 2.13 6.21 7.53 10.01 

SVMLINEAR 212.12 2.19 2.51 3.16 10.32 11.80 14.89 

 

When the episodes with high ratings from the data set were eliminated, it was 

observed that the RMSE value decreased to 1.27 from 1.4 with REPTREE algorithm. On 

the other hand, when the episodes with low ratings were eliminated, an increase in RMSE 

value is observed from 1.4 to 1.69.  

Considering the results of both models, it is possible to say that the models are 

relatively unsuccessful in predicting episodes with high ratings than predicting episodes 

with low ratings. If there were more episodes with high ratings in the data set, perhaps 

the models would have been more successful for these episodes as well. 

After these experiments, the question of how using high and low attributes in 

models would affect model performance has emerged. When answering to this question, 

in order to make the models more independent from historical rating data, new 

experiments were carried out to predict the high and low attributes described above. 

Prediction model were established with EB, SR, PB (462) and GTs module-attributes. 

Random forest, support vector machine, and generalized linear model algorithms were 

used to predict the value of high and low. ROC curve comparison for high and low 

attributes is given in Figure 17 and Figure 18, respectively. 
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Figure 17 : ROC Curve for prediction of episodes with high ratings. 

 

Figure 18 : ROC Curve for prediction of episodes with low ratings. 

In Figure 17., the AUC values of RF, SVM and GLM algorithms are 0.95, 0.87 

and 0.67, respectively. In Figure 18., the AUC values of RF, SVM and GLM algorithms 

are 0.95, 0.88 and 0.80, respectively. Since AUC value of RF algorithm is the closest to 

1, the new two attributes which are predicted low and predicted high were assigned by 

using random forest algorithm. New four models were established with adding the 

predicted high and low attributes and actual high and low attributes into last two models 

above. 

 The first model consists of high and low attributes in addition to EB, TB, SR, PB 

(462), and GTs module-attributes. The results of the model are given in Table 20. 
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Table 20: Model TB + EB + SR + PB (462) + GTs with actual high and low attributes. 

Algorithm CT (s) RMSE RMSE 

(%) 

BAGEARTH 1916.56 0.32 1.49 

BAYESGLM 508.17 0.33 1.57 

CUBIST 2588.75 0.33 1.57 

FOBA 1902.33 0.31 1.46 

GLM 148.89 0.33 1.57 

GLMNB 1113.26 0.33 1.55 

M5P 9.37 0.33 1.56 

REPTREE 6.41 0.36 1.69 

RF 21892.18 0.34 1.60 

SVMLINEAR 578.33 0.34 1.59 

 

 FOBA algorithm has been have the best results with 0.31 RMSE value and around 

half hour computation time. The result is better than model which consists of TB and GTs 

modules and found as the best in the previous chapter performance improvement part. 

 The second model consists of predicted high and predicted low attributes in 

addition to EB, TB, SR, PB (462), and GTs module-attributes. High and low rating outlier 

elimination was applied to this model as it was thought to be more valuable by reducing 

dependency on historical ratings. The results of the model are given in Table 21. 

Table 21: High and Low-Rating Outlier Elimination: TB + EB + SR + PB (462) + GTs with predicted 

high and low attributes. 

Algorithm CT (s) 
RMSE 

HROE 

RMSE 

w/o E 

RMSE 

LROE 

RMSE 

(%) 

HROE 

RMSE 

(%) 

w/o E 

RMSE 

(%) 

LROE 

BAGEARTH 1916.56 0.34 0.39 0.40 1.62 1.84 1.90 

BAYESGLM 508.17 0.36 0.38 0.42 1.70 1.80 1.99 

CUBIST 2588.75 0.34 0.39 0.36 1.61 1.85 1.70 

FOBA 1902.33 0.35 0.37 0.42 1.64 1.75 2.00 

GLM 148.89 0.36 0.38 0.42 1.70 1.80 1.99 

GLMNB 1113.26 0.36 0.39 0.42 1.68 1.82 1.97 

M5P 9.37 0.34 0.44 0.36 1.60 2.07 1.70 

REPTREE 6.41 0.39 0.48 0.47 1.86 2.26 2.20 

RF 21892.18 0.36 0.43 0.41 1.70 2.04 1.91 

SVMLINEAR 578.33 0.37 0.39 0.42 1.72 1.82 1.99 
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 Using the predicted high and low attributes cause to increase in RMSE value of 

FOBA algorithm from 0.31 to 0.37. The situation of predicting episodes with low ratings 

better than the episodes with high ratings still can be seen in the results. 

 The third model consists of high and low attributes in addition to EB, SR, and 

GTs module-attributes. The results of the model are given in Table 22. 

Table 22: Model EB + SR + GTs with actual high and low attributes. 

Algorithm CT (s) RMSE RMSE 

(%) 

BAGEARTH 1175.27 1.74 8.21 

BAYESGLM 8.62 1.74 8.18 

CUBIST 387.73 1.13 5.30 

FOBA 22.00 1.74 8.19 

GLM 4.83 1.74 8.18 

GLMNB 57.48 1.56 7.37 

M5P 2.33 1.19 5.58 

REPTREE 0.57 1.17 5.51 

RF 4414.64 1.11 5.24 

SVMLINEAR 266.21 1.88 8.86 

 

 The model has the best result with 1.11 RMSE value and almost in 73 minutes 

computation time by RF algorithm. This is the best result that achieved without using TB 

module in the models. In the previous part, the best result was 1.4 RMSE value with 

REPTREE algorithm and computation time was in milliseconds. Considering the 

decrease in RMSE value, increase in time can be acceptable. In addition to this, 

REPTREE still has computation time in milliseconds with 1.17 RMSE value. 

 The fourth model consists of predicted high and predicted low attributes in 

addition to EB, SR, and GTs module-attributes. With the same reasons explained in the 

above, high and low rating outlier elimination was applied into this model. The results of 

the model are given in Table 23. 
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Table 23: High and Low-Rating Outlier Elimination: EB + SR + GTs with predicted high and low 

attributes. 

Algorithm CT (s) 
RMSE 

HROE 

RMSE 

w/o E 

RMSE 

LROE 

RMSE 

(%) 

HROE 

RMSE 

(%) 

w/o E 

RMSE 

(%) 

LROE 

BAGEARTH 1175.27 1.46 2.19 2.28 6.88 10.31 10.74 

BAYESGLM 8.62 1.46 2.20 2.26 6.89 10.37 10.65 

CUBIST 387.73 0.99 1.64 1.39 4.67 7.70 6.56 

FOBA 22.00 1.46 2.21 2.26 6.89 10.40 10.65 

GLM 4.83 1.46 2.20 2.26 6.89 10.37 10.65 

GLMNB 57.48 1.35 2.09 1.98 6.36 9.83 9.34 

M5P 2.33 1.07 1.63 1.42 5.05 7.69 6.67 

REPTREE 0.57 1.08 1.55 1.36 5.10 7.30 6.38 

RF 4414.64 0.97 1.63 1.39 4.57 7.68 6.56 

SVMLINEAR 266.21 1.38 2.24 2.73 6.49 10.56 12.85 

 

In comparison to using actual high and low attributes, all algorithms’ RMSE 

values were increased. The best result is 1.55 RMSE value and milliseconds computation 

time by REPTREE algorithm.  When the episodes with high ratings from the data set 

were eliminated, it was observed that the RMSE value decreased to 1.08 from 1.55 with 

REPTREE algorithm while it decreased to 0.97 from 1.63 with RF algorithm. When the 

episodes with low ratings from the data set were eliminated, this time, unlike other 

models, a decrease in RMSE values was observed.  

Considering the results of the experiments carried out in this chapter, it is seen 

that a remarkable improvement has been made in the model performance based on the 

RMSE value. This situation gives hope that larger improvements can be made. However, 

since no other features that can be engineered from the data gathered within the scope of 

this thesis were found, the experiments are terminated here. 
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CHAPTER 8  

 

 

CONCLUSION AND RECOMMENDATIONS 

 

 

 

 In this study, prediction of prime-time Turkish TV series ratings was made by 

using time-based, episode-based, series-based, and Google Trends attributes. The 

established models were divided into two categories based on the context. First, 

theoretical forecast performance models were established by using time-based attributes. 

Second, models with the aim of using practically were established without using time-

based attributes. Multi-level machine learning infrastructure was applied to both two 

categories.  

 In the first category, using time-based attributes, episode-based attributes, and 

Google Trends data of series' names, prediction success was achieved 1.64% margin of 

error. In the second category, using episode-based, series-related attributes, and Google 

Trends data of series' names, prediction success was achieved 6.6% margin of error. 

 Multi-level machine learning infrastructure was applied to model of time-based, 

episode-based, series-related, player-based, and Google Trends. In this way, the error 

margin for the first category was decreased to 1.46%. The same infrastructure was applied 

to model consists of episode-based, series-related, and Google Trends data.  In this way, 

the error margin for the second category was decreased to 5.24%. 

 In the study, collected data for 4 years between 2014 and 2018 were used. 

Therefore, the variety of the series and the actors in the study is limited to these four 

years. There are cases where some players in the data set only play in one series. As the 

variety of data will increase in a wider year range, better results will be produced in this 

context. 
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 On the other hand, considering the importance of social media today, it is 

thought to affect TV series ratings. In this context, it was decided to use Google Trends 

data, whose access and collection is less costly than other social media tools. The 

limitations of the study with Google Trends data have been that Google Trends data is 

normalized according to the search volume and the names of the series players are 

collected by selecting 4 players for each series. For the future studies, to a larger extent, 

this data can be collected for all players of the series, or they can create a data set based 

on changes in the players of the series. 

 A data set with demographic characteristics of people who are in the rating 

measurement system is not shared publicly for privacy reasons. Likewise, a data set 

representing people's TV watching habits could not be produced within the scope of this 

study. As mentioned in the studies in the related work chapter, studies using such data 

have been conducted worldwide. In Turkey, if such an anonymized data is publicly 

available, better prediction models can be established. 
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