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Abstract: Electronic word-of-mouth (eWOM) is reckoned to be one of the underlying factors that
augments online retailing. The information adoption protocols have been revamped due to the
extensive online information; consequently, adding a significant influence on the online purchase
behaviors. Consumer review websites, shopping platforms, blogs and discussion forums are some of
the leading eWOM platforms, as emphasized in prior literature. The current study, however, focuses on
eWOM on the social media platforms, as the consumers’ online decision-making process is confined
to the adoption of information in the first phase. The study examines the effects of the antecedents of
eWOM and multiple mediators (i.e. perceived risk, argument quality, information usefulness and
trust inclination) on the consumers information adoption. The study used survey-based data and
structural equation modelling (SEM) technique to determine the causality among the constructs.
Future directions provide concrete managerial and theoretical implications as highlighted in the study.
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1. Introduction

Mass media has provided magnanimous amount of information to the consumers which has
consequently affected the decision-making process. An extensive amount of information has been
baffling consumers in acquiring factual information transmitted on the online platforms. Initially it
was argued that the transmission of widespread information is essential for consumers in order
to make wise decisions [1–4]. However, this paradox has been totally revamped as determining
authentic information is becoming challenging. Lever et al. [5] explained that due to authenticity and
credibility concerns, consumers have become confused. Mahmood et al. [6] argued that due to the
confusion at the consumers end, decision making aspect has been considerably affected. The online
platforms have provided enough access to the consumers to attain information about the products
and services [7]. The transmission of online information regarding experiences and opinions is
called electronic word-of-mouth (eWOM) [7,8]. The platforms of information have been evolving
over the years. Some of the core platforms for online information are consumer review websites,
shopping platforms, blogs and discussion forums [9].

Meanwhile, in recent years, social media platforms are considered to be the leading portals in
the processing of online information. Social media platforms are of more value and magnitude as
two-way communication of eWOM executes more proficiently [10–12]. Rapid response and two-way
communications have been as regarded as core benefits of eWOM communications [3,4,7]. Researchers
have argued that eWOM on social media spreads quickly to a wider audience in a minimal amount of
time [8,13]. Wu and Lin [14] and Matute et al. [15] explained that the patterns of online buying are
now dependent upon the comments/suggestions being provided by the previous customers. Due to
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aforementioned factors, considerable research studies have been conducted on examining eWOM on
the social media platforms [16–18]. Researchers argue that the transmission of eWOM plays a crucial
role in the decision-making of customers [19,20].

Ananda et al. [21] and Suwandee et al. [22] signified eWOM as an influential marketing tools
which has changed the course of action on the online platforms. The prominence of social media as an
eWOM platform have emerged in the recent times. Due to COVID-19, the dependence and utility of
social media, as well as reliance on eWOM information, has been further enhanced [23,24]. Similarly,
there is an elevation in the online buying behaviors of individuals [25]. For making determinations
about unfamiliar products and services, social media has been widely used by the consumers [26,27].
Nevertheless, Le-Hoang [28] argues that there is still a limited amount of studies that have been
conducted on exploring eWOM as a platform. Contemporary trends on eWOM have depicted that
social media is the foremost eWOM platform widely used by the customers. Marketers also consider
social media as a valuable eWOM transmitter which has the aptitude to disperse information swiftly
to the target audience [29–31].

Another vital notion remains prevalent that the studies were confined on determining how
eWOM effects on the purchase intentions or purchase behaviors of customers [32–35]. Conversely, it is
indispensable to sideline information adoption before purchase intentions, as adopting the information
is mandatory before making any decision. One of the distinguished factors of eWOM execution on social
media remains that users have the option to interact with each other, unlike other eWOM platforms
where there was no option to exactly know the person who is passing the information. The anonymous
information being passed on has intense credibility issues. The current study focuses on providing a
holistic framework indicating how the information is being adopted by the consumer. eWOM, as one
of the major factors, has been thoroughly unfolded in this study. Moreover, how the antecedents of
eWOM affect information adoption has also been explored. The ecommerce market of Pakistan has
reached a hallmark of US $3900 million in 2020 [36]. With the investments of leading online groups like
Ali Express, the Pakistani ecommerce market is anticipated to grow by Rs. 50 billion [37]. The online
fashion market has the maximum market share, US $2748 million, while electronics and media account
for US $452 million. Interestingly, the age bracket of 18–24 years was involved extensively in online
buying (44.99%). Meanwhile, 44.03% were in the age bracket of 25–34 years old [36]. Due to these
factors, the study was conducted in the emerging market of Pakistan as the online shopping trend is
becoming more elevated. Considering theoretical and contextual gaps on the information adoption
protocols, the researchers made relevant theoretical associations, identified the approach for conducting
the research, collected primary data through surveys from the respondents, conducted statistical
analysis using structural equation modelling technique and discussed outcomes of the study.

2. Literature Review

Electronic word-of-mouth (eWOM) is renowned as a powerful marketing instrument in modern
times [38,39] Companies have been extensively making use of eWOM for the transmission of their
offerings. Chu and Kim [40] explained that the dimensions of eWOM include tie strength, homophily,
trust, normative influence and informational influence. Tie strength can be referred as the potency
of bond between members of a network [41]. The social ties can be of a weak or strong nature [42].
The ties of family and friends are of a strong nature and cannot be side-lined at all. The interpersonal
networks of individuals with family and friends are quite strong and they also provide emotional and
substantive support [43,44]. Weak ties include taking information from colleagues, acquaintances and
facilitation of information on diverse topics from various people [45]. The role of tie strength in eWOM
communications is critical, as individuals consider information of strong ties to be of more credible
nature [46]. The inclination of individuals with the people having strong tie characteristics is certainly
strong, powerful and impactful [47].

Perceived risks factor studied by researchers were mainly inherent risk, handled risk, consequences,
uncertainty and the amount at stake [38]. Bashir et al. [23] unfolded the dimensions of perceived risk
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among e-shoppers by highlighting financial risk, product performance risk, time loss risk, psychology
risk, delivery risk, social risk, knowledge risk, fraud risk and privacy and security risk. The study
conducted by Bashir et al. [23] emphasized that perceived risk must be taken as multi-dimensional
construct. However, the majority of researchers emphasized utilizing perceived risk as a unidimensional
construct [48,49]. Similarly, eWOM source credibility has been argued to have four core antecedents,
namely, expertness, trustworthiness, objectivity and homophily [6,16,19,29,30]. Therefore, it remained
important to explore dimensional impact of eWOM antecedents on perceived risk. Expertness in the
eWOM context is defined as the review or comment provided by a skillful professional on the online
platforms. It is hence hypothesized that due to expertness, risk would be mitigated.

Recent studies focused on perceived risk influence in the online shopping sphere as the canvas of
internet purchasing is expanding extensively [50]. Due to considerable online buying, the internet has
become an effective platform for merchandisers. Hence, determination of perceived risk due to eWOM
remains a critical aspect to be explored [29,51]. Trustworthiness is argued to be an important facet
in terms of understanding the eWOM context. Individuals tend to rely on that information which is
provided by a trustworthy source. Considering the aforementioned theoretical notions, the relationship
was hypothesized as follows:

Objectivity in terms of providing the requisite information on the eWOM platforms is of
considerable importance and significance. Posts on social media are sometimes subjective and
vague which does not provide any objective stance. However, objective and precise information is
argued to reduce the risk factor [16,19,29,48,49]. Therefore, the following relationship of eWOM source
credibility antecedent (i.e., objectivity with perceived risk) is hypothesized:

Homophily is defined as the association among people with same backgrounds and having
non-negative ties with each other [6,16,19]. In the eWOM context, it is discussed that individuals
tend to associate themselves quickly with the posts shared by the people with same backgrounds.
Meanwhile, it remains essential to configure whether the element of risk would be mitigated through
homophily. Henceforth, the following hypothesis is developed:

Hypothesis 1 (H1). (a). eWOM expertness positively impacts upon perceived risk. (b). eWOM trustworthiness
positively impacts upon perceived risk. (c). eWOM objectivity positively impacts upon perceived risk. (d). eWOM
homophily positively impacts upon perceived risk.

Sussman and Siegal [52] expanded the developed phenomenon and extended the prevailing field
of knowledge with the integration of dual process theories. Davis [53] proposed that an information
adoption model (IAM) emerged with the integration of technology acceptance model (TAM) along with
elaboration likelihood model (ELM). The model proposed that central and peripheral are the two routes
through which people can be affected by messages [52]. Argument quality is stated as the aptitude
to argue with a message. The studies of Prantl & Micik [11] and Khwaja et al. [19] highlighted the
association among message senders and message characteristics of eWOM components. Information
usefulness is regarded as a perception of the user concerned with the reliability of information.
The reviews or comments on the internet are deemed to be of importance are not are defined in this
respective factor [12,47]. Perceived risk is considered to be subjective and it varies from individual to
individual, and consumers behaviors are in fact risk taking [49]. Therefore, inspection of perceived
risk on information usefulness and argument quality was hypothesized as the following hypotheses:

Hypothesis 2 (H2). Perceived risk positively influences on information usefulness.

Hypothesis 3 (H3). Perceived risk positively influences on argument quality.

The adoption of information is often conceded as a notion which would eventually make the
decision in favor or against something [29]. The underlying doctrine of information adoption process
clarifies that information cannot be attained without the absence of certain core metrics (i.e., argument
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quality, source credibility and information usefulness) [6,19]. The systematic deployment of all these
three components would eventually lead to the information adoption protocols. The information
adoption model (IAM) has been broadly used in different contexts; in particular, its application in the
eWOM research studies has been quite lucrative. In the acceptance of technology, there are numerous
factors that have an impact on technology’s usage. Saleem & Ellahi [39] elucidated that a seller’s
information is less credible for individuals as they seek consumers reviews. The reviews of consumers
are considered to be of credible nature as they provide product insights without any bias. From the
company’s end, there is always positive portrayal of the product and services; hence an element of
perceived risk remains in the minds of potential customers [15]. Due to these factors, it is important to
coin the following theoretical association in the hypothesized form:

Hypothesis 4 (H4). Argument quality positively impacts upon trust.

Hypothesis 5 (H5). Information quality positively impacts upon trust.

At the same time, complete information of the product and service being shared by the seller is
highly appreciated by the customers. The customers cross-check the credibility of the information
by reviewing users’ comments. The adoption of information by the individuals becomes easier
when there is synergy between the information being provided by the seller and online users [54,55].
Trust inclination is henceforth considered significant to be measured upon information adoption as it
is the final construct before the adoption of information takes place.

Hypothesis 6 (H6). Trust inclination positively influences on information adoption.

The initial six hypotheses measure the direct effects upon each other while remaining in the
sequential path. However, it remains important to understand how eWOM as a composite construct
would impact information adoption while other mediators remain intact [38]. The theoretical
associations also indicate strong positive causality among eWOM and information adoption.
Therefore, the following hypothesis is constructed:

Hypothesis 7 (H7). Perceived risk, argument quality, information usefulness and trust inclination have a
positive sequential mediation role among eWOM and information adoption.

3. Materials and Methods

As per the objectives of the study, positivism research philosophy has been deployed using a
deductive method. The theoretical framework (see Figure 1) has been constructed on the foundations of
the theory of reasoned action. The survey method and a structured questionnaire was used. The items of
the questionnaire were adapted from the study of Hussain et al. [38]. Questionnaire items were further
dig-down to authenticate the core source. It was ensured that precise scrutiny of the questionnaire
would be done through pre-testing and pilot study. Necessary scientific measures were taken to rectify
concerns. Furthermore, in order to ensure determinants of eWOM engagement, the demographics
section of the questionnaire asked about internet usage frequency. Non-probability convenience
sampling technique was used and the respondents were all online shoppers from Pakistan. The study
was collected in a single time horizon; therefore, it had a cross-sectional design. The sample size of the
study was 346. Hair et al. [56] elaborated that for the conduction of path analysis, a sample size above
200 is ample. Structural equation modelling (SEM) was deployed for the testing of hypotheses. For the
initial data cleansing, normality and exploratory factor analysis (EFA), SPSS 24.0 software was used.
For inspecting confirmatory factor analysis (CFA) and path modelling, AMOS 24.0 was used. All the
linearity assumptions were precisely fulfilled so that there would not be any shortcomings.
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Figure 1. Theoretical framework (source: self-developed).

After data cleansing, the sample size of the study emerged to be 346 respondents.
Female respondents dominated with 204 out of 346 (59.6%), while male respondents were 138 (40.4%).
There is no reason behind female dominance in terms of response rate. The age range of 18–23 years
dominated with 80.3% respondents. This denotes that the majority of respondents were from Generation
Z. Meanwhile, the 24–29 years age bracket had 11.3% respondents. These respective age brackets
dominated since the majority of online buying is being done by generation Z and generation Y. Almost
92.5% respondents used internet once in a day, around 39.6% respondents bought products online
once every month, and 24.3% did online shopping once every 90 days (see Table 1).

Table 1. Respondents demographic profile (N = 346).

Items Category Frequency Percentage

Gender
Female 207 59.8%
Male 139 40.2%

Age

Below 18 years 12 3.5%
18–23 years 278 80.3%
24–29 years 39 11.3%
30–35 years 14 4.0%

36 years and above 3 0.9%

Internet usage frequency
At least one time in a day 320 92.5%

At least one time in two days 24 6.9%
At least one time in a week 2 0.6%

Internet shopping frequency

Less than one time in every 180 days 18 5.2%
At least one time in every 180 days 73 21.1%
At least one time in every 90 days 84 24.3%
At least one time in every 30 days 137 39.6%

At least one time in a week 34 9.8%

4. Results

4.1. Model Estimation Using Structural Equation Modelling (SEM)

Structural Equation Modelling (SEM) technique was used for the achievement of study’s objectives.
For utilizing SEM, a considerable sample size is required for the structural fit and a moderate size is
required for the measurement model [57]. A four-step process was carried out for the analysis which
comprised initially of data cleansing/screening. Then, exploratory factor analysis (EFA) along with
confirmatory factor analysis (CFA) was conducted. Lastly, path modelling was carried out for the
hypotheses testing phase.
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4.1.1. Data Cleansing

The data cleansing section provides the depiction if the data has normality, outliers, missing data
and linearity issues. The construct-wise examination of data normality is vital for data modelling.
Table 2 provides detailed data normality outcomes which reveals that the standard deviation (SD)
values were less than 2, that indicates about 95% data are normal Similarly, skewness data was between
the bracket of 1 and −1, highlighting no concerns of skewness. Lastly, kurtosis values were between
the acceptable range of 3 and −3. Meanwhile, SE stands for standard deviation. Hence, in terms of
data normality, no concerns were identified and the data was profound for further statistical analysis.

Table 2. Composite normality (N = 346).

Variables
Minimum Maximum Mean SD Skewness Kurtosis

Statistic Statistic Statistic Statistic Statistic SE Statistic SE

PvdRisk 1.00 5.00 2.6942 0.64096 −0.007 0.131 −0.452 0.261
Trust 1.00 5.00 3.2965 0.68395 −0.402 0.131 0.169 0.261

InfUse 1.00 5.00 3.6899 0.62933 −0.729 0.131 1.471 0.261
Objctvty 1.00 5.00 3.2353 1.36284 −0.371 0.131 −1.126 0.261
Exprtnes 1.00 5.00 2.2179 0.91688 −0.125 0.131 −1.218 0.261

Homo 1.00 5.00 3.7544 0.57019 −0.662 0.131 1.309 0.261
AQ 1.00 5.00 2.1383 0.50870 −0.155 0.131 −0.137 0.261

TrtWorth 1.00 5.00 2.2072 0.72919 0.711 0.131 0.423 0.261
InfoAdp 1.00 5.00 3.4301 0.47721 −0.683 0.131 1.542 0.261

4.1.2. Exploratory and Confirmatory Factor Analysis (EFA/CFA)

The conduction of exploratory factor analysis (EFA) and confirmatory factor analysis (CFA) is
significant in co-variance based structural equation modelling (CB-SEM). Specifically, CFA is esteemed
as the core difference between CB-SEM and variance-based structural equation modelling (VB-SEM).
The results of both EFA and CFA are provided in Table 3. EFA loadings are denoted by ρ, and CFA
factor loadings are denoted by λ. Hair et al. [56], stated that the EFA loadings should be greater than 0.4,
while CFA loadings should be greater than 0.3. Results in the table below indicate that both EFA and
CFA factor loadings were greater than 0.4 and 0.3, respectively. For constructs reliability, Cronbach’s
alpha (αvalues were examined. The alpha values were within the acceptable range of 0.7 to 1 [58].
Furthermore, reliability was further affirmed by examining the composite reliability (CR) values [59].
The results highlighted that the CR values were also above the threshold of 0.70 [60]. Average variance
extracted (AVE) is an essential test for determining constructs validity. AVE values above than 0.50
indicate that there are no validity concerns [60]. The results notified no validity concerns of the
constructs. For ensuring that there are no shortcomings in the model estimation, measurement model
fit indices are examined. The incremental and absolute fit indices comprised of chi-square/degree of
freedom chi-square/degree of freedom (χ2/df) value which was 1.288. The value is in the tolerable
range of 1–5. Similarly, the outcomes of standardized root mean residual (SRMR) and root mean
square error of approximation (RMSEA) emerged to be 0.038 and 0.029, respectively, which is also in
the acceptable range. Additionally, aggregate goodness of fit indices (AGFI), goodness of fit indices
(GFI), Tucker-Lewis index (TLI), confirmatory fit index (CFI) and normative fit index (NFI) values
were 0.888, 0.909, 0.985, 0.983, and 0.929, respectively; henceforth, confirmatory factor analysis had
suitable outcomes.
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Table 3. Confirmatory factor analysis (CFA)/exploratory factor analysis (EFA) factor loadings, reliability,
and validity of measurement model.

Constructs and Items P λ α C.R AVE

Expertness

Exp1 0.811 0.699 0.917 0.875 0.639
Exp2 0.742 0.807
Exp3 0.888 0.746
Exp4 0.833 0.927

Homophily

Homo1 0.872 0.840 0.919 0.919 0.739
Homo2 0.867 0.914
Homo3 0.847 0.861
Homo4 0.836 0.823

Objectivity

Obj1 0.991 0.982 0.950 0.949 0.862
Obj2 0.849 0.860
Obj3 0.938 0.939

Trustworthiness

TW1 0.732 0.804 0.913 0.917 0.734
TW2 0.849 0.853
TW3 0.945 0.903
TW4 0.873 0.864

Information Usefulness

InUse1 0.875 0.877 0.770 0.879 0.710
InUse2 0.907 0.911
InUse3 0.682 0.729

Perceived Risk

PR1 0.704 0.728 0.869 0.771 0.529
PR2 0.779 0.773
PR3 0.682 0.678

Argument Quality

AQ1 0.593 0.674 0.914 0.910 0.594
AQ2 0.836 0.853
AQ3 0.697 0.775
AQ4 0.692 0.781
AQ5 0.923 0.790
AQ6 0.950 0.827
AQ7 0.630 0.676

Trust Inclination

Trt1 0.704 0.796 0.873 0.875 0.701
Trt2 0.857 0.848
Trt3 0.893 0.865

Information Adoption

IU1 0.938 0.816 0.789 0.792 0.656
IU2 0.587 0.803

Kaiser-Meyer-Olkin (KMO) and Bartlett’s value = 0.874;
Chi—square (df = 528) = 7997.012, P = 0.000

Measurement model fit statistics:

a. Absolute fit indices
Chi square (χ2) = 586.114, degree of freedom (df) = 455, P = 0.000, Chi square/degree of

freedom (χ2/df) = 1.288, SRMR = 0.038, AGFI = 0.888, GFI = 0.909, RMSEA = 0.029
b. Incremental fit indices

TLI = 0.980, NFI = 0.929 and CFI = 0.983

Note. P = Factor loadings at 0.40 using EFA; λ = Standardized factors loadings using CFA; a = Cronbach Alpha;
CR = Composite Reliability; AVE = Average variance extracted.
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In the confirmatory factor analysis section, convergent validity was addressed through AVE values
estimation and it turned out that no AVE issues were prevalent. Consequently, discriminant validity
remained imperative to be explore and it was precisely measured separately. Discriminant validity
results with the correlations values are provided in Table 4. According to Khwaja et al. [9], the values
of maximum shared variance (MSV) must be less than 1. The correlations diagonal in the table below
also reveal that the values are in the acceptable range and there are no discriminant validity problems
in the constructs.

Table 4. Discriminant validity of constructs.

Constructs MSV AQ. Homo. TW. Exp. Obj. InUse. Trt. PR. InAdp.

AQ. 0.297 0.771
Homo. 0.344 0.370 0.860

TW. 0.165 0.406 0.264 0.857
Exp. 0.113 0.001 0.028 0.006 0.799
Obj. 0.113 0.114 0.139 0.069 −0.336 0.928

InUse. 0.424 0.283 0.565 0.245 0.106 0.000 0.843
Trt. 0.297 0.545 0.537 0.263 0.101 0.071 0.415 0.837
PR. 0.146 0.379 0.326 0.382 0.048 0.220 0.136 0.322 0.727

InAdp. 0.424 0.384 0.586 0.233 0.158 0.075 0.651 0.529 0.266 0.810

4.1.3. Path Analysis Outcomes

After the attainment of precise statistical outcomes of the data cleansing, EFA and CFA; the foremost
aspect remained to configure hypotheses testing. For this purpose, path modelling was conducted
for the determination of causality. The hypotheses results are depicted in Table 5. H1(a–d) stated
about eWOM source credibility antecedents on perceived risk. The beta values/path coefficients
outcomes emerged to be constructive as expertness, trustworthiness, objectivity and homophily effects
on perceived risk were 0.127, 0.355, 0.234 and 0.236, respectively. The t-values of these hypothesized
relationships were 2.638, 7.598, 4.807 and 5.006, respectively. H2 & H3 argued about perceived risk
impact on information usefulness and argument quality. The beta values of these relationships were
0.164 and 0.440, respectively, along with t-values of 3.086 and 3.974 which reveal strong positive
relationship. H4 stated about argument quality impact on trust inclination; and H5 argued about
information usefulness impact on trust inclination. The beta values emerged to be 0.478 and 0.315,
hence indicating strong relationship. H6 hypothesized trust inclination impact on information adoption
and the beta value outcome was 0.592. Lastly, for H7, sequential path model was tested in which
composite effect of eWOM on information adoption was tested with the mediation role of perceived
risk, argument quality, information usefulness and trust inclination. The beta value turned out to be
0.588 and t-value of 10.621, indicating strong positive sequential path.

Table 5. Results of hypotheses (direct and indirect effects).

Hypotheses Relationships Path Coefficients T-Statistics p-Values Outcomes

H1(a) Exp→ PR 0.127 ** 2.638 <0.01 Accepted
H1(b) TW→ PR 0.355 ** 7.598 <0.01 Accepted
H1(c) Obj→ PR 0.234 ** 4.807 <0.01 Accepted
H1(d) Homo→ PR 0.236 ** 5.006 <0.01 Accepted

H2 PR→ InUse 0.164 ** 3.086 <0.01 Accepted
H3 PR→ AQ 0.440 ** 3.974 <0.01 Accepted
H4 AQ→ TRT 0.478 ** 9.101 <0.01 Accepted
H5 InUse→ TRT 0.315 ** 7.521 <0.01 Accepted
H6 TRT→ InAdp 0.592 ** 13.626 <0.01 Accepted
H7 eWOM→ InAdp 0.588 ** 10.621 <0.01 Accepted

Notes: ** p < 0.05.
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5. Discussion

The current study sought to unfold the prevalent issue of information adoption ludicrousness
and was envisioned to provide a theoretical model which would help eventually determine eWOM
source credibility effects on information adoption. Instead of jumping on to conclusions like purchase
intentions and purchase behaviors, the theoretical model was delineated until the information adoption.
Through this process, a holistic information adoption framework was intertwined which provided
profound outcomes. Electronic word-of-mouth (eWOM) has been envisioned contrarily by different
scholars. As per the theoretical knitting, source credibility of eWOM has the propensity to succinctly
examine information adoption. The Pakistani online consumer market is in the evolving stage as
the trend towards online buying is increasing. At the same time, it is prudent for the researchers
to understand the psyche of buyers in emerging markets. For determining message’s credibility,
factors like communicators familiarity, power, credibility, attractiveness and physical appearances
are indispensable. Consequently, on the online platforms, it is not possible to measure factors
like attractiveness and physical appearance. Accordingly, the focus is hence laid upon factors like
familiarity, power and credibility. Message sender’s credibility is inspected by considering antecedents
like homophily, objectivity, expertness and trustworthiness. The results attained through structural
equation modelling (SEM) technique were in the permissible range. The challenge for users remains to
configure the credibility of information. Users as per their expertise tend to adopt that information
which is passed on by credible sources.

Electronic word-of-mouth has led to considerable customer open innovation. Customer inclination
towards open innovation has been boosted due to the spread of eWOM on social media platforms. Using
digital platforms, companies are making strong connections between technology and markets [48].
Results suggest innovative measures to be deployed by marketers for achieving effective and efficient
outcomes [61]. The study would be beneficial for the upcoming entrepreneurs too. The aspects of
industry, society, science and policy have been precisely taken into consideration [49]. The narrative
and viewpoint have been theoretically and contextually weaved accordingly. While designing
their marketing strategies, they can make effective utility of cyclical dynamics of open innovation
(i.e., deploying eWOM and narrative advertising simultaneously) [58]. The understanding of open
innovation dynamics is important for the marketers as confining to single approaches of targeting
customers is no longer impactful [61]. The deployment of diverse means and methods is essential
and mandatory.

Profound meta-analysis studies like of Ismagilova et al. [62] and Babic et al. [54] unfolded the sphere
of eWOM and determined its effects on consumer purchase intentions. The current study precisely
determined eWOM source credibility effects on information adoption. The sequential mediating
effects configuration gave conceivable results. The study emphasized how information adoption is of
critical worth and value, and why it is essential to measure it before purchase intentions. Prior studies
extensively focused upon configuring purchase intentions and purchase behaviors specifically. Minimal
studies have made use of discussing the role of information adoption. The research study hence ensured
that this critical protocol would be estimated by incorporating multiple mediators. This remains one
contribution of this study as well. Multiple factors in the mediation have given significant worth to the
body of knowledge. Further exploration of this study in different contexts would enrich the respective
domain of study.

6. Conclusion

6.1. Implications

Marketing policy makers would be attaining considerable insights from the study.
The understanding of information adoption paradigm is of considerable importance and significance.
Hence, future policies may be designed by considering the aforementioned results of the study. Further,
theoretical and practical implications are discussed in the section below.
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6.2. Theoretical and Practical Contribution

The study unfolded different antecedents of electronic word-of-mouth (eWOM) and their
individual impact on the information adoption process of customers. The sequential effect of multiple
mediators ensured the strength of theoretical associations and it remained prudent to measure the
overall impact. Considering the theoretical aspects, the study has provided enriched concrete empirical
insight about the information adoption process. On the theoretical grounds, theory of reasoned
action has been reaffirmed through an extensive empirical examination. The body of knowledge is
also contributed through the sequential mediation effect of trust inclination. On the practical aspect,
the study provides a path to marketers about eWOM execution on the online platforms. Considering
aforementioned factors can help them shaping their future marketing strategies [63]. The psychological
developments prevalent in the customers brain due to eWOM are clearly indicated in the theoretical
model. Moreover, emerging entrepreneurs would be getting an insight into how effective utilization of
eWOM can lead to consumer information adoption, and consequently purchase intentions.

6.3. Future Research Directions

There are some limitations of the study which should be taken into consideration with regards to
generalizability of the study. The study was conducted in Pakistan, which is an emerging market [64].
The outcomes manifestly indicated strong association of eWOM antecedents with perceived risk.
Future research studies must be of longitudinal nature as attaining of data in different time periods
may provide a different outcome. Future studies may also use gender as a control variable and
examine how gender influences information adoption. The study should be further extended from
information adoption as an outcome to purchase intentions and consumer decision making. In that
sphere, the underpinning theory of the study would be also changed to theory of planned behavior.
The inclusion of e-service quality as one of the variables would be interesting to examine. Moreover,
taking age, gender and socio-economic backgrounds as control variables would further refine the
theoretical model. Future studies can also make use of multi-level modelling in which data would be
collected from companies and customers.
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