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ABSTRACT

This study assessed the effect of adverts (Ads) based on users’ interest, Ads intrusiveness on the perception
of behavioural targeting and click-through intention. The study further examined how the perception of
behavioural targeting mediates the interaction between Ads based on users’ interest, Ads intrusiveness
and click-through intentions. The study was a descriptive survey, and the approach was deductive. The
study collected primary data from a sample of 376 internet users in Nigeria using a cloud-based
questionnaire. The data obtained were analysed using descriptive and inferential statistical tools. Partial
least square structural equation modelling (PLS-SEM) was used to test the hypotheses. Findings showed
that Ads based on users’ interest and Ads intrusiveness predict click-through intentions and the perception
of behavioural targeting. Perception of behavioural targeting mediated the interaction between Ads based
on users’ interests and click-through intentions. Overall, the study concluded that Ads based on users’
interest and Ads intrusiveness influences the perception of behavioural targeting, which affects click-

through intention. Hence the study recommended that digital entrepreneurs carefully design, manage and
control the Ads contents they direct to customers. Digital entrepreneurs should exercise caution in
implementing their behavioural targeting strategy so as not to breach an acceptable threshold.

Click-Through Intention, Perception
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INTRODUCTION

Consumer needs vary significantly across social, economic, demographic, and geographical dynamics. For decades,
businesses have faced the challenge of satisfying each need as doing so will mean creating numerous varieties of a product
and varying marketing strategies. In the same way, it has also been impossible to direct customized Ads to each customers’
needs using the traditional offline marketing approach. However, in the wake of technological advancement (Helberger et
al., 2020), the internet has evolved into a significant business vehicle allowing businesses have a wider reach at relatively
lesser cost and more incredible speed. The internet has also gained popularity as an effective marketing tool because of its
size, expected growth trajectory, broad demographics and the possibility of sharing information and resources worldwide
(Ozcelik & Varnali, 2019).

The internet provides users with enormous access to information regarding brands, products and firms from across
the globe in seconds (Kumar & Patel, 2014). The internet allows digital entrepreneurs to efficiently market and sell their
products and services online (Kaspar et al., 2019). The rapidly growing e-commerce industry and upsurge of digital
entrepreneurs worldwide indicate the growth and popularity of the internet and internet users (Fachryto & Achyar, 2018).
We operationalize digital entrepreneurs as businesses who use online market platforms for marketing their products and
services. Digital entrepreneurs leverage the technology that allows for trailing an internet user’s surfing behaviour by using
‘cookies’ on the users’ computer or saving a visiting internet user’s computer IP address (Carrascosa et al., 2015; Dwyer,
2011). This technology monitors people’s online behaviour, and digital entrepreneurs use the information collected to show
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people individually targeted advertisements (Bayer et al., 2020). This phenomenon is called behavioural targeting.
Behavioural targeting has been referred to as online profiling (Lammers, 2020) and, in other cases, online behavioural
targeting (OBA) (Varnali, 2019). Behavioural targeting has allowed digital entrepreneurs to reach out to a larger market
using targeted Ads cost-effectively. Behavioural targeting is believed to be part of the future of advertising (Boerman et al.,
2017) and is currently a significant discourse in research and practice. As of 2017, globally, investments in online advertising
quickly rose to about 230 billion dollars (Kaspar et al., 2019) and exceeded $100 billion in 2018 in the United States (Bayer
et al., 2020). Media agency Magna, in 2018, also reported that 44% of the aggregate advertising expenditure globally would
be spent on digital media, with the most significant portion allocated to customized online Ads/behavioural targeting
(Ozcelik & Varnali, 2019).

The underlying aim of behavioural targeting is for the targeted customer to spur intention to click the Ads and
eventually make a purchase. Click through intention describes the willingness of a web user to click on a targeted ad.
However, targeting is perceived as intrusive to people’s privacy (Boerman et al., 2017). There are currently privacy concerns
around the use of behavioural targeting, which has received much attention from digital entrepreneurs, consumers,
policymakers, and scholars. The recent allegations against Cambridge Analytica using sensitive Facebook user data to
customize Ads in boosting online promotions further points to the need for investigation into data-based customization of
online Ads (Ozcelik & Varnali, 2019).

As a developing phenomenon, there are neither strong definitions of behavioural targeting nor an evident
accumulation of empirical findings on the effect of Ads intrusiveness on the perception of behavioural targeting and
advertising outcomes such as click-through intentions (Boerman et al., 2017), click-through ratio (Yan et al., 2009), sales
conversion (Farahat & Bailey, 2012), purchase intention and actual purchases (Boerman et al., 2017; Fachryto & Achyar,
2018) and revenue (Beales, 2011; Breznitz & Palermo, 2013). Although behavioural targeting is expected to attract users’
interest to more personalized and relevant Ad content, not so much is known about the effect of such behavioural targeting
characteristics on the perception of behavioural targeting and advertising outcomes.

Specifically, there is no consensus as to how developing Ads that appeal to users’ interests and Ads that target
users' earlier browsing usage affects the perception of users about behavioural targeting and how this perception, in turn,
impacts expected behavioural targeting outcomes such as click-through intention (Boerman et al., 2017). Particularly in
Nigeria, there seems to be a dearth of literature on behavioural targeting and its effect. In an attempt to bridge that empirical
gap, this study sought to examine online advertising dynamics using behavioural targeting empirically. We sought to answer
the following questions: What are the direct effects of Ad intrusiveness and Ads based on users’ interest in click-through
intentions? What is the relationship between ad intrusiveness and users’ perception of behavioural targeting? How do Ads
based on users’ interest affects users’ perception of behavioural targeting? To what extent does the perception of
behavioural targeting predict click-through intention?

LITERATURE REVIEW AND HYPOTHESES DEVELOPMENT

Behavioural Targeting and Click-Through Intentions

Almost two decades ago, visionaries (Hariharan et al., 2015; Kenny & Marshall, 2000) foretold that developments in
technology would transform marketing practices through digital mediums to the point where marketers would be able to
reach the right customer at the right time (Ozcelik & Varnali, 2019). Based on current developments, perhaps this may be
the fulfilment of that prophecy as we witness a paradigm shift from traditional means of marketing to online advertising,
particularly behavioural targeting. The concept of behavioural targeting as a relatively new concept (Breznitz & Palermo,
2013) is an online advertising practice that gathers information regarding web users' interests and incorporates the same in
designing and tailoring Ads (Carrascosa et al., 2015). Koskinen (2017) regarded behavioural targeting as an internet-based
advertising strategy, making use of a collection of data mining algorithms to track the browsing behaviour of internet users
and, based on the browsing pattern (Bayer et al., 2020), direct online Ads to individuals with a higher tendency to be
interested in the advertised product or service. In many cases, browsers are unaware that they are being tracked as the tagging
is mostly invisible, and the data is collected anonymously. This tracking is made possible using cookies (that is, little files
dropped on the users” hard drive while they surf the net) (Ozcelik & Varnali, 2019).

Major digital entrepreneurs use cookies to track the web-browsing pattern of users and direct those users with
content likely to be of interest and relevance to a specific consumer to increase Ads effectiveness, which is expected to lead
to higher click-through and higher revenue for the publisher, the aggregator and the entrepreneur by making a sale.
Carrascosa et al. (2015) regarded this strategy as network-based targeting. Digital entrepreneurs engage in the use of
behavioural targeting under the presumption that consumers will be receptive to Ads specially tailored to their needs,
interest, and browsing history (Boerman et al., 2017; Kumar & Patel, 2014; Schedwin, 2008). Kumar and Patel (2014), for
example, found that targeted Ads that kept in view the interest of the internet users and their browsing history were more
likely to get positive responses (click through), consolidating the claim of Kaspar et al. (2019) who reported that attention
for personally relevant advertisement can be strong. Yan et al. (2009) also provided an empirical investigation on the click-
through log of advertisements retrieved from a commercial search engine which showed that click-through rates can be
averagely increased by 670% by properly segmenting web users based on their short-term online behaviour for behavioural
targeting. So, we hypothesize that:

Hi: Ads based on users’ interest positively affects the internet users’ click through intentions
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However, there is a flip side to this assumption, as there are privacy intrusion issues relating to the use of
behavioural targeting. According to Ozcelik and Varnali (2019), the online behavioural targeting strategy in advertising is
one of the most debated contemporary issues relating to data privacy in the information era. Privacy concern is defined as
“the degree of consumers’ concern about potential privacy intrusion” (Li & Huang, 2016). There is a clear-cut distinction
between what consumers consider valuable and what they perceive to be excessively intrusive. Breaching this line can
prompt users to apply blocking software for cookies and Ads or result in attracting firm regulatory interventions (Dwyer,
2011). This was the case in Ozcelik and Varnali (2019), that found that perceived security risk associated with clicking
customized online Ads had a directly inverse effect on the perception of informativeness and entertainment of targeted Ads.
The work of Fachryto and Achyar (2018) reiterated that intrusiveness of Ads had an adverse effect on the attitude of
customers and their purchase intention. Li and Huang (2016) also established that concerns for privacy makes online
consumers resist behavioural targeting. So we hypothesize that:

H2: Ads intrusiveness negatively affects click-through intentions

Behavioural Targeting, Perception, and Click through Intentions

There is a close and strong link between perception and attitude (Pickens, 2005), and according to Fish (2010), perception
is a mental phenomenon- the process leading to the production of meaningful disposition towards a product or a firm by
interpreting and organizing sensation (Pickens, 2005). The feeling or interpretation may be real or perceived (Kondalkar,
2007; Pickens, 2005). Perception is underscored in the acquisition of beliefs (Fish, 2010) and is considered the most
influential determinant of attitude about an object (behavioural targeting) (Kalra et al., 2016). By implication, the success
of the behavioural targeting strategy is determined, in part, by how it is perceived by internet users (Alnahdi et al., 2014).
This is because the strategy's success revolves around internet users and their feelings about the various attributes of the
strategy.

Pickens (2005) identified four major stages in perceptions, namely: stimulation (taste, smell, see, hear, and touch);
registration (selection of positive or negative feedback); organization (drawing upon prior experience) and interpretation
(analysis and understanding based on beliefs and prior experience). Ebrahim (2013) submitted that customers hold
perceptions about certain elements such as price, appearance, and attributes which in turn shape their disposition towards
an object (behavioural targeting). He related that the choice or preference of the customer or prospect would be based on (in
part) the value placed on the above elements. These notions have also found support in the literature. Alnahdi et al. (2014),
for instance, noted that concerns for privacy and the characteristics of targeted Ads significantly affected the perception of
behavioural targeting. Based on these, we carved out three hypotheses:

Hs: Ads based on users’ interest positively shape the perception of internet users about behavioural targeting.
Ha: Ads intrusiveness negatively shapes the perception of internet users about behavioural targeting.
Hs: A positive perception of behavioural targeting positively and significantly affects click-through intentions.

Some studies have also considered the perception of behavioural targeting as mediating the link between targeted
Ads characteristics and Ads outcome such as purchase intention. For example, Fachryto and Achyar (2018) on the Indian
e-marketplace showed that perceived Ad intrusiveness positively affected the perceived threat of behavioural targeting and
led to a negative attitude toward the Ad and subsequently adverse purchase intention of products displayed using behavioural
targeting. Similarly, Lammers (2020) revealed that perceived ads intrusiveness resulted in a negative attitude towards brands
that use behavioural targeting strategy. Li and Huang (2016), on the other hand, related that Ads that are perceived to be
personalized positively shape the perception of behavioural targeting, eventually leading to favourable responses, including
click-through intention (Kumar & Patel, 2014). So we hypothesize that:

He: The perception of behavioural targeting mediates the relationship between Ads based on users’ interest and
click-through intentions.

H-: The perception of behavioural targeting mediates the relationship between Ads intrusiveness and click through
intentions.

Theoretical Framework

The study is underlined in the theory of planned behaviour (TPB). TPB is very influential and one of the most common
theories today that focuses on understanding or predicting human intention to perform a particular behaviour (Dai, 2012;
Ajzen, 2015). TPB regards “intention” as the immediate antecedent of a particular behaviour, that is, the most important
predictor of an individual’s behaviour. According to Ajzen (2015), TPB provides an alternative approach to understanding
consumers' decision making. The theory proposes three conceptual determinants of intention: attitude towards the
behaviour/behavioural beliefs, perceived behavioural control/control beliefs, and subjective norm/normative beliefs. The
behavioural beliefs relate to the perception and appraisal of a behaviour (Dai, 2012), the normative belief revolves around
social pressures to perform a behaviour and the individuals’ disposition or motivation to accede to the social pressure (Ajzen,
2015), while the control belief is the perception of the individual as to how easy or difficult performing a behaviour can be.
This perception is usually drawn from experience and expected barriers or impediments (Dai et al., 1995, 2007; Dai, 2012;
Ajzen, 2015).
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The theory opines that if the degree to which the three components are favourable is high, the individual will exhibit
a higher intention to perform a behaviour under consideration and vice versa. Digital entrepreneurs must therefore coin their
targeted Ads in such a way that the information is useful in creating a positive impression about the brand without placing
negative pressure on the targeted customers to spur intention to react and behave favourably to the targeted Ads.

METHODS

Research Design, Population, and Sample Size

This study is an applied research adopting the survey research method as adopted by related works (Alnahdi et al., 2014;
Kumar & Patel, 2014; Smit et al., 2014). Specifically, this study sought to address issues in behavioural targeting as a tool
for online advertising. Applying the survey method to this kind of study allowed a large amount of data to be collected,
afforded flexibility, and permitted quantitative analysis (Olayiwola, 2007). Using primary data, the study employed the use
of a close-ended questionnaire (online survey) to source data from internet users. The online survey is considered most
appropriate for a study that focuses on “online advertising”. The population for this study comprises internet users in Nigeria.
Given the unit of analysis for this study being internet users, the specific number of internet users, according to Statista
(2018), was 92.3 million. Using the Taro Yamane formula for determining the sample size, the estimated sample size was
399.99, approximately 400.

Data Collection and Measurement of Variables
The link to the online survey (https://forms.gle/tpvQrJfG56X6f2nZ9) was tested first by carrying out a pilot study. The links
were shared with thirty internet users to ensure that there were no complications with accessing the survey instrument. When
entries were retrieved, and corrections were effected, the final link was uploaded on the researchers’ WhatsApp status and
group pages, Telegram, Facebook pages, Instagram, Twitter and LinkedIn. The survey was consistently promoted for a
period of close to 10 months (April 16, 2019, to January 7, 2020) to ensure it reached as many respondents as possible.
The questionnaire for this study included items and scales from the works of Ducoffe (1995), Gauzente (2009);
Kumar and Patel (2014); Boerman et al. (2017); and Ozcelik and Varnali (2019). The questionnaire comprised five sections.
Section A covered the respondents’ demographic characteristics. In section A, the question “do you reside in Nigeria” was
asked to ensure that only respondents who resided in Nigeria participated in the study. Respondents who did not meet the
eligibility criteria were redirected to quit the survey. Section B focused on Ads intrusiveness; section C addressed Ads based
on users’ interest; section D, perception of behavioural targeting; and section E measured users’ click-through intention.

Table 1. Description of variables and sources of questionnaire items

Variables Category Description No. of items | Authors

Click through intention | DV Is a measure of the extent that a user is likely Gauzente (2009);
to click on a targeted Ads 2 Boerman et al. (2017)

Perception of | MV Is a measure of how internet users perceive BT Ducoffe (1995); Boerman

behavioural targeting (+/-) 3 et al (2017)

Ads based on users’ | IV Popup Ads based on earlier likes and dislikes Kumar and Patel (2014);

interest 3 Boerman et al. (2017)

Ads intrusiveness v Relating to privacy infringements Ozcelik and  Varnali

3 (2019)

Note: IV, independent variable; MV, mediating variable; DV, dependent variable; BT, behavioural targeting

Method of Data Analyses

Descriptive analysis (frequency distribution) was employed for the first section of the survey, which captured the
respondents’ demographic information. Variance-based estimations was carried out using Partial least square structural
equation modelling to test the hypotheses. PLS-SEM is gaining appreciable use in management science as a second-
generation multivariate statistical procedure that allows for analysing complex interrelationships between variables
simultaneously (Benitez et al., 2020). Using the PLS-SEM technique required several procedures, including assessing the
measurement model and the structural model (Hair et al., 2019). Assessing the measurement model included estimating the
construct (standardized factor loading), discriminant (heterotrait-monotrait) and convergent validity (Average variance
extracted). The internal consistency test (Composite reliability and Rho_A) was also carried out. Assessing the structural
model included estimating the model fit (standardized root mean square residual (SRMR), the Root Mean Square Residual
Covariance (RMSieta), the normed fit index (NFI; also referred to as the BentlerBonett index); the overall model fit (dus,
and dg) as recommended in Benitez, Henseler, Castillo, and Schuberth (2020); predictive relevance (Hair et al., 2013) and
PLSpredict Statistics (Shmueli et al., 2019).

RESULTS
The first response was recorded on April 16 2019, at about 10:35:05 AM GMT +1. The survey was closed on January 7
2020, at 8:09:46 PM GMT +1. This section presents the findings from the data gathered and analysed.
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Demographics
Table 2. Demographics

Measure Data Frequency %
Gender Male 231 61.4
Female 145 38.6
Age bracket  Less than 18 4 11
years
18-25 years 182 48.4
26-33 years 114 30.3
34-41 years 49 13.0
42-49 years 24 6.4
50 years and 3 .8
above
Academic SSCE 59 15.7
Qualification  Diploma (ND) 13 35
Undergraduate 233 61.9
Post Graduate 71 18.9
Occupation Private firm 89 23.7
workers
Civil servants 52 13.8
Unemployed 3 0.8
Entrepreneurs 79 21.0
Clergy 1 0.3
Youth Corps 12 3.2
Members
Military 1 0.3
Lecturer 2 0.5
Student 133 35.3
Consultants 3 0.8
Military 1 0.3
n= 2376

Source: Field survey (2020)

The respondents were asked to indicate their gender, of which 231(61.4%) indicated male, meaning higher
responses from the male gender. This may support the findings of Sax et al. (2003) that claimed that the male gender is more
likely to respond positively to online surveys than the female gender. The dominant age group that responded to the study
was the 18-25 years group, 182(48.4%), while 114 (30.3%) entries were from respondents between the ages of 26-33 years.
Based on the age group result, it is not surprising that most of the respondents, that is, 233(61.9%), were undergraduates,
which consolidated the result on the occupation, with 133( 35.3%) of the respondents indicating they were students. The
flow of the results shows that much of the internet activities are performed by the younger generation.

Assessment of Measurement Model

The measurement model was assessed using descriptive statistics (mean and standard deviation), construct validity
(standardized factor loadings), convergent validity (average variance extracted), discriminant validity (heterotrait-monotrait
criterion) and internal consistency (Rho_A, composite reliability). The variance inflated factors (VIF) was also estimated
for multicollinearity issues.

Individual Item Reliability

The threshold for standardized factor loadings was over .70. One of the items (AD3) fell short with a factor loading of 0.577.
Although this is below the .70 threshold, the item was retained from a content validity viewpoint (Garson, 2016). Secondly,
as Benitez et al. (2020) suggested, two analyses were performed to determine the effect of either retaining or removing the
item. The first analysis excluded the item, and the second analysis included the item, and the difference in results was not
significant. Based on the recommendations of Benitez et al. (2020), the item was retained.

Internal Consistency Reliability
Table 3. Descriptive statistics, construct validity, convergent validity, and reliability

Constructs Items M Std.D SFLs VIF RhoA CR AVE
Code
>.70 <5 >.70 >.70 >.50
Click through CT1 3.15 1.05 0.897* 1.709 0.788 0.902 0.822
intentions CT2 3.37 1.09 0.915* 1.709
Ads intrusiveness AD1 3.53 1.06 0.840* 1.281 0.722 0.801 0.579
AD2 341 1.05 0.835* 1412
AD3 3.43 1.10 0.577* 1.233
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Ads based on Intl 3.64 1.00 0.803* 1.45 0.727 0.844 0.643
interest Int2 3.58 0.98 0.847* 1.589

Int3 3.45 1.00 0.753* 1.324
Perception of P1 3.05 1.01 0.860* 1.934 0.826 0.896 0.741
behavioural P2 2.89 1.04 0.869* 1.982
targeting

P3 3.39 0.97 0.853* 1.742

*Significant at 95% confidence level

Source: Field Survey (2020)

The composite reliability was also estimated for testing internal consistency. As suggested in Ringle et al. (2018),
the threshold for CR should be greater than 0.7 but less than 0.95, especially for confirmatory research (Garson, 2016).
From table 3, all the constructs fulfilled this criterion of reliability. Meanwhile, the recent view of PLS-SEM suggests that
rather than relying on Cronbach’s alpha (too conservative) and CR (too strict and liberal) (Hair et al., 2019), one should
consider using the “rho_A” coefficient to assess the reliability of the PLS construct scores, as defined in Dijkstra and
Henseler (2015). The rho_A as a test of reliability has a recommended threshold of 0.70. However, a rho_A value above 1
is abnormal (Jain, 2019). It can be observed that all the constructs satisfy the conditions of rho_A. Hence it can be concluded
that the measurement model is reliable.

Convergent Validity

Convergent validity assumes that construct measures that ought to be related to each other theoretically are related to each
other. The average variance extracted (AVE) is used to determine convergent validity. A threshold of .50 is desirable for
the AVE when testing for convergent validity. The implication is that the construct explains an average of at least 50% of
its items’ variance. From the AVE values in table 3, the criterion was satisfied for all the constructs.

Multi-Collinearity

Assessing collinearity usually involves estimating each item's variance inflation factor (VIF). Different thresholds for VIF
values have been recommended. However, VIF within 5 shows evidence of no multicollinearity (Benitez et al., 2020;
Moreno & Casillas, 2008; Soares & Perin, 2019). The study calculated the VIF for all of the variables in the model to test
for multicollinearity. This was done to avoid multicollinearity disturbance. For the study variables, the VIF values fall within
the recommended threshold of <5 (Ringle et al., 2018). The variable with the highest VIF value was P2, with a VIF of 1.982,
and this indicates no concerns regarding multicollinearity (see table 3).

Table 4. Heterotrait-monotrait ratio

Variables Ads Intrusiveness Click through Ads based on Perception of
intentions Interest BT
Ads Intrusiveness
Click through intentions 0.422
Interest 0.145 0.47
Perception 0.465 0.825 0.485

Note: Shaded boxes are the standard reporting format for the HTMT procedure
Source: SmartPLS 3output (Field survey, 2020)

Discriminant Validity (Heterotrait-Monotrait)

The Fornell-larcker criterion has been criticized for not detecting discriminant validity in common research situations
reliably (Henseler et al., 2015). Henseler et al. recommended a substitute approach to test for discriminant validity: the
heterotrait-monotrait criterion (HTMT), which was adopted in this study. The method specifies that if the HTMT value is
greater than the HTMT g5 value of 0.85 (Kline, 2011), discriminant validity is an issue, especially if the constructs are
conceptually more distinct (Ringle et al., 2018). Table 4 shows that none of the values was higher than 0.85, indicating
adequate discriminant validity.

Assessment of Structural Model

The structural model for the study was assessed for model fit, predictive relevance and the PLSpredict Statistics as
recommended in Hair et al. (2019).

Model Fit and Predictive Relevance
Table 5. Model fit/predictive relevance

Model fit Value Benchmark Source

SRMR 0.076 < 0.08 Garson (2016)

NFI (Bentler-Bonett index) 0.702* >.90 Benitez et al (2020)

Rms_theta 0.252* <0.12 (Ali et al., 2016)

R?(Click through) 0.466 0.26 Cohen (1988)
(Perception of BT) 0.278
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Q?(Click through) 0.369 >0, 0.25 and 0.50 depict small, medium and large Hair et al. (2019)
(Perception of BT) 0.198 predictive accuracy respectively
Hlgs
ducs (duLs<Hlgs) 0.183 0.218 Benitez et al., 2020
dg (de<Hlgs) 0.158 0.168 Benitez et al., 2020

*Did not meet the model fit conditions
Source: SmartPLS 3 output, Field survey (2020)

The model fit tests included estimating the SRMR, NFI, Rms_theta, and overall model fit using duis, and dg (See
table 5). The predictive relevance estimation included R square (R?) and Stone-Geisser’s (Q?) value (see table 5). Some of
the measures of goodness of fit were seen not to meet the benchmark, such as NFI and Rms_theta. However, Ali, Gon, and
Ryu (2016) and Benitez et al. (2020) recommended that the values should not be strongly relied on as the goodness of fit
measures are still developing. Meanwhile, other goodness of fit measures and predictive relevance met the criteria. The R?
of 0.278 indicates that a 27.8% variation in the perception of behavioural targeting is accounted for by Ads intrusiveness
and Ads based on users’ interests. The R?value of 0.466 indicates that the perception of behavioural targeting accounts for
a 46.6% variation in click-through intentions. The Q2 of 0.369 shows a medium predictive accuracy for click-through
intentions, while the Q? value of 0.198 shows more than small (>0) but less than medium (>0.25) predictive accuracy for
the perception of behavioural targeting.

PLSpredict Statistics
Table 6. PLSpredict Statistics
PLS-SEM Statistics Linear regression model (LM)
RMSE Q2_predict RMSE Q2_predict
CTii 0.98 0.196 0.988 0.183
CTi 0.965 0.152 0.972 0.139
Pi 0.92 0.172 0.924 0.163
Pii 0.927 0.2 0.938 0.181
Piii 0.865 0.206 0.874 0.191

Source: SmartPLS output (2020)

To further assess the structural model, Hair et al. (2019) suggested the need to estimate the out-sample predictive
power of the structural model. According to them, the R? only estimates the in-sample explanatory power without saying
anything about the out-of-sample predictive power. To address this concern, a set of actions was recommended for out-of-
sample prediction involving the estimation of the model on an analysis (that is, training) sample and evaluating its predictive
performance on data other than the analysis sample, otherwise called the holdout sample (Shmueli et al., 2019). The
estimation generated the prediction statistics (Root mean squared error [RMSE], Mean Average Error [MAE]) and Q?predict
statistics. Hair et al. (2019) suggested reporting the Q?predic: Values first. According to them, Q?predict Values > 0 indicate that
the model outperforms the most naive benchmark (i.e., the indicator means from the analysis sample). As shown in Table
6, the Q?%predic: Values for all the indicators were positive, indicating they outperformed their naive LM benchmark. By
implication, the model has adequate predictive power. As recommended in Hair et al. (2019), RMSE was used instead of
the MAE as the MAE is recommended for use only when or if the prediction error distribution is highly non-symmetric
(Hair et al., 2019). To interpret the RMSE results, Hair et al. (2019) explained that the RMSE value is compared with the
LM value of each indicator.

According to Hair et al. (2019), if the minority (or the same number) of indicators in the PLS-SEM analysis yields
higher prediction errors than the naive LM benchmark, this indicates a medium predictive power. If most of the indicators
produce values higher than the LM benchmark, it means a weak predictive power, and if none of the indicators yields values
higher than the LM benchmark, it indicates a high predictive power (Hair et al., 2019). As shown in Table 6, none of the
indicator values yielded higher than the LM benchmark, indicating a high predictive power.

Hypothesis Testing
Table 7. Structural Estimates

Structural estimates (Hypotheses testing) Decision
Path B t-value f

H1: Ads Interest—>CTI 0.142 2.927* 0.032 Supported
H2: Ads Intrusiveness -CTI -0.103 2.374* 0.017 Supported
H3: Ads Interest—»BTPercept 0.374 7.179* 0.193 Supported
H4: Ads Intrusiveness— BTPercept -0.370 7.478* 0.190 Supported
H5: BTPercept — CTI 0.574 11.970* 0.445 Supported
H6: Ads Interest— BTPercept — CTI 0.214 5.830* Supported
H7: Ads Intrusiveness - BTPercept — CTI -0.212 6.163* Supported

Note: *1.96 (p<0.05)
Source: SmartPLS output (Field survey, 2020)

The effect size () that shows the size of an effect was also calculated (see table 7). The effect size cushions the
limitation of the p-value, which shows just the significance of the relationships. Cohen (1988) recommended a 0.02 threshold
for small effects, 0.15 for medium effects and 0.35 for large effects (see table 7). The results for the test of hypotheses are
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shown in table 7 and figure 1. Concerning the test of hypotheses, Ads based on users’ interests had a positive effect on click-
through intentions (8 = 0.142;t = 2.927; f? = 0.032; p < 0.05) supporting hypothesis one. Ad intrusiveness was found
to have a significant and negative effect on click-through intention (8 = —0.103; ¢t = 2.374; f2 = 0.017; p < 0.05). This
means that hypothesis two is supported. Ads based on users’ interests had a positive effect on the perception of behavioural
targeting (B = 0.374;t = 7.179; f? = 0.193; p < 0.05). Hence, hypothesis three is supported. Ads intrusiveness had a
negative effect on the perception of behavioural targeting (8 = —0.370;t = 7.478; f? = 0.190; p < 0.05). Hence
hypothesis four is supported.

Perception of behavioural targeting was found to significantly and positively influence click-through
intentions (8 = 0.574;t = 11.715; f2 = 0.445; p < 0.05). As such, hypothesis five is supported (see table 7 and Figure
1). Hypothesis six was also supported as the perception of behavioural targeting partially mediated the relationship between
Ads based on users’ interest and click-through intention (8 = 0.214; t = 5.830; p < 0.05). The relationship between Ads
intrusiveness and click through intention was also found to be partially mediated by the users’ perception of behavioural
targeting (8 = —0.212; t = 6.163; p < 0.05).

@

Ads Intrusiveness
-0.370 (7.437) -0 103 (2.279)

0.574 (11.970)

Perception Click through
intentions

0.374(7.132) 0.142 (2.825)

Ads based on
interest

Figure 1. Structural model (path coefficients and t-values)
Source: SmartPLS output (Field survey, 2020)

DISCUSSIONS

In line with extant literature (Li & Huang, 2016; Ozcelik & Varnali, 2019), we found a direct inverse and significant
relationship between Ads intrusiveness and click-through intention (B = -0.102; p<0.05). However, here, the effect of Ad
intrusiveness on the perception of behavioural targeting (B= -0.370) was stronger than the direct effect of Ad intrusiveness
on click-through intention. Similarly, Lammers (2020) observed that though privacy concerns were present and strong
among the users of the internet, it did not have a direct effect on the attitude towards the brands that used the behavioural
targeting strategy. Although our study found a direct impact, we see the effect stronger on perception than intention. This
was subsequently confirmed as we found that the perception of behavioural targeting strongly mediated the relationship
between Ads intrusiveness and click-through intention.

Our result also suggests that Ads based on users’ interests had a stronger direct and positive effect on click-through
intention (B =0.142; 2= 0.032) than Ads intrusiveness which is consistent with Kumar and Patel (2014). This confirms the
statement made by Zuckerberg (2007) cited in Wiese et al. (2020) that “advertising works when it is in line with what people
are already trying to do”. We see this play out in the study as the effect Ads based on users’ interest exert directly on
perception and click-through intentions were stronger than perceived Ads intrusiveness. However, similar to Ads
intrusiveness, we find that the effect of Ads based on users’ interest on the perception of behavioural targeting was much
stronger (8=0.374; = 0.193). Overall, we find that internet users’ perception of behavioural targeting had the strongest
direct effect on click-through intentions (B = 0.574; 2=0.445). This indicates that the stronger the positive perception of
behavioural targeting the stronger the tendency to click on targeted Ads when they pop up.

The strength of the effect of perception on click-through intentions was as a result of the effect of Ads based on
users’ interest and Ads intrusiveness. This inference is made in line with the results we found from the mediation analysis.
For Ad intrusiveness, the B was negative (-0.214), indicating that the mediation effect was negative. This is in line with the
negative effect of Ad intrusiveness on the perception of behavioural targeting. This may imply that as internet users
increasingly sense privacy intrusion, their perception of behavioural targeting gravitates towards the negative spectrum,
threatening the tendency to want to click on targeted Ads. The result confirms the report of Fachryto and Achyar (2018) on
the e-marketplace of India. Their study showed that the perceived threat of behavioural targeting resulting from privacy
concerns increased online customers' negative attitudes, eventually leading to negative purchase intentions.
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On the other hand, the result points to a positive mediation in the case of Ads based on users’ interest and click-
through intention, which resonates with Alnahdi et al. (2014), showing that targeted visible Ads and characteristics of
targeted Ads significantly affected the perception of behavioural targeting of students in Europe and Asia. This also supports
the argument of Kalra et al. (2016), expressing that perception is one of the most influential factors that shape attitude
towards a phenomenon. The work of Ebrahim (2013) further corroborated this position. Alnahdi et al. (2014), as a result,
suggested that for digital entrepreneurs to positively improve the perception of behavioural targeting, the characteristics of
targeted Ads can be made more attractive to contain relevant content. This would require ensuring a higher level of control
over the features of the targeted ads to make them more valuable for the consumers to lessen concerns about intrusion of
privacy.

IMPLICATIONS FOR THEORY AND PRACTICE

The study findings have implications for policy, theory, and practice. From a theoretical point of view, our result is consistent
with the theory of planned behaviour as we observed that content relevant Ads targeted at customers positively shape their
perception of behavioural targeting and, in turn, influences click-through intentions. TPB regards “intention” as the
immediate antecedent of a particular behaviour. In other words, it is a critical determinant or predictor of an individual’s
behaviour. Although our analysis did not go beyond examining the intentions to click on targeted ads, based on TPB, strong
and positive intentions to click on Ads will likely result in actual click-through, especially when the perception about
behavioural targeting is positive.

From the study findings, there is a call for policy regulation in terms of the activities of digital entrepreneurs and
publishers regarding privacy intrusion. There is a need to create boundaries and ensure proper control and monitoring of
online advertising activities to ensure compliance and reduce the tension created by internet users' concerns about privacy
intrusion. Digital entrepreneurs, on their part, may want to be cautious with the possible implication of a high level of
privacy concern amongst internet users in shaping their perception of behavioural targeting. As shown in the study, a
negative perception of behavioural targeting likely results in increased avoidance of targeted Ads. The Ads become
ineffective if a high percentage of targeted customers continue to avoid taking a second look at the Ads. Hence the need for
proper control.

In the wake of technological advancement, and the shift from traditional advertising methods to online advertising,
potential and existing digital entrepreneurs would need to understand the most effective ways to engage their customers
with relevant Ad content. Digital entrepreneurs can use the information from this study to design, manage and control their
Ad contents to ensure they reflect the customers' needs without triggering thoughts and concerns about privacy intrusion.

CONCLUSIONS AND RECOMMENDATIONS

The study confirmed the positive and significant effect of Ads based on users’ interest in the perception of behavioural
targeting and click-through intentions. It also showed the negative effect of Ad intrusiveness on the perception of
behavioural targeting and click-through intentions. We conclude that the perception of behavioural targeting influences
click-through intention. We also conclude that the perception of behavioural targeting is shaped by Ad intrusiveness and
Ads based on users’ interests. While one (Ads intrusiveness) shapes the perception of behavioural targeting negatively, the
other (Ads based on users’ interest) positively shapes the perception of behavioural targeting. Overall, we conclude that the
perception of behavioural targeting partially mediates the link between Ads based on users’ interest, Ads intrusiveness and
click-through intention.

So we recommend that digital entrepreneurs carefully design, manage and control the Ads contents they direct to
customers. Those Ads must be in line with the needs and interests of the customers. This way, the customers will have a
higher tendency to be favourably disposed to the Ads and likely click on them. Digital entrepreneurs would have to exercise
caution in implementing their behavioural targeting strategy so as not to breach an acceptable threshold where privacy
concern becomes a principal determinant of a targeted customers’ disposition towards an Ad and/or the brand. Obtaining
customer data from the brand's own website or source, for instance, is less creepy and would not trigger a sense of intrusion.

Limitations and Suggestion for Further Studies

We acknowledge some limitations surrounding our study, and these gaps we believe provides an avenue for subsequent
studies to fill. As noted in the discussion, our study did not go beyond “click-through intention”. Although we expect that
intention in line with the theory of planned behaviour is a precursor to behaviour, empirical backings are needed to either
support or refute the assertion within the context of this research. Secondly, a number of Ads effectiveness measures were
not captured in this study, including click-through ratio, purchase intention, and actual purchase, among others that future
researchers can look into. The majority of the respondents are students and are young. This category of respondents tends
to be more favourably disposed to technology compared to the average population. Considering demographic disparities
might reveal interesting findings that will be useful to the body of knowledge. Finally, our proxies of behavioural targeting
are not quite exhaustive. Ads based on browsing history, for instance, was not covered in this study.
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