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The information quality (IQ) and the tools used to generate it such as 

competitive intelligence (CI) are the most critical competitive competencies 

for businesses today, particularly in the tourism and hotel sectors. However, 

there is still ambiguity about the impact of each phase of the competitive-

intelligence process (CIP) on IQ, particularly in the hotel industry in a 

developing country such as Malaysia. Thus, the purpose of this research is to 

detect the level of IQ resulting from CIP in Malaysian hotels, as well as to 

investigate the impact of each phase of CIP (planning and focus, gathering, 

analysis, and communication) on IQ (contextual and representational) of 

Malaysian hotels. A quantitative research design was adopted in this study. To 

collect the data required to analyse the study's hypothesised model, 505 

questionnaires were distributed to marketing managers at Malaysian 

Association of Hotels (MAH) member hotels, yielding a total of 184 analysable 

questionnaires with a response rate of 34.44 percent. The research data were 

analysed using structural equation modelling with partial least squares (SEM-

PLS). Despite that half of the responding hotels practiced CI informally, the 

study found that the level of IQ resulting from CIP was high. Furthermore, the 

results indicate that the planning and focus, gathering, and analysis phases of 

CIP had a positive and significant impact on hotels' IQ, while the 

communication phase had a slight negative but insignificant impact on hotels' 

IQ. Additionally, the results show that the analysis phase is the most relevant, 

followed by the gathering phase, and finally the planning and focus phases 

phase. These findings enrich those in positions of power like owners, 

managers, and practitioners, as well as academicians, with greater knowledge 
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of the relationship and influence of CIP on firms' IQ, particularly for hospitality 

and tourism firms. 
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Introduction 

In many countries, tourism has grown to be a significant industry (Mohammed et al., 2017; 

Ahn & Kwon, 2020). The tourist industry is one of Malaysia's significant prospective growth 

areas in the service economy, and it is the country's second-largest source of foreign money 

(Sin & Jusoh, 2019; Yadegaridehkordi et al., 2020; Ahn & Kwon, 2020). In 2017, it generated 

3.4 million employments, and it contributed 15.2% to Malaysia's GDP in 2019. Additionally, 

in 2019, it received 26.10 million tourists and generated RM 86.10 billion (Tourism Malaysia, 

2020). The hotel industry is one of the most promising sectors in Malaysia, where Malaysia 

offers a wide range of accommodation to visitors, including hotels, individual guest houses, 

motels, self-catering, and other types of private accommodation. Furthermore, Malaysia had 

4,826 hotels offering 315,969 rooms by the end of 2019. (Tourism Malaysia, 2020). As a result, 

there is a need for efficient strategies to enable the Malaysian hotel industry to overcome the 

fierce competition (Mohammed et al., 2017; Yadegaridehkordi et al., 2020; Ahn & Kwon, 

2020). 

 

Despite the Malaysian government's focus on tourism, which was apparent through its 2020 

vision to reach 36 million tourists, figures have revealed a decline from 27.44 million in 2014 

to 26.10 million in 2019 in tourist arrivals in Malaysia (Yadegaridehkordi et al., 2020; Tourism 

Malaysia, 2020). Furthermore, prior researches have shown that the hotel sector works in an 

aggressive competitive environment and environmental turbulence, in resulting a dropped in 

the rate of occupancy, where the occupancy rate for Malaysian hotels fell between 2014 and 

2019, starting at 69.7% in 2014 and falling to 58.8% in 2019 (Mohammed et al., 2017; Radzi 

et al., 2017; Sin & Jusoh, 2019; Yadegaridehkordi et al., 2020; Tourism Malaysia, 2020). 

Another issue for most hotel managers is making rational decisions in an atmosphere marked 

by environmental uncertainty, as well as dealing with customers of various ethnicities, cultures, 

and religions (Köseoglu et al., 2016; Salguero et al., 2019; Ahn & Kwon, 2020; Köseoglu et 

al., 2020). As a result, in order to stay competitive in such a difficult industry, hotel managers 

and executives should use appropriate strategic tools, such as Competitive Intelligence (CI) 

that provide them with high-quality information that enables them to make rational decisions 

and help them to stay in the market and flourish (Yap et al., 2014; Yan-Li & He-feng, 2016; 

Salguero et al., 2019; Köseoglu et al., 2020). 

 

Information quality (IQ) has grown in importance, particularly in the age of big data 

(Dabrowski, 2018; Bossé & Rogova, 2019; Mitrovic, 2020). Where the IQ is an important 

factor in improving decision-making quality by providing knowledge as well as interpreting 

and evaluating information to facilitate decision-making (Shen et al., 2017; Wamba et al., 2019; 

Mitrovic, 2020). This is supported by Dabrowski (2018), Saxena & Lamest (2018), Wamba et 

al., (2019), Wieder and Ossimitz (2019), who discovered that IQ has a positive impact on 

organisational performance, and Kyoon Yoo (2014), who discovered that perceived quality has 
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an effect on innovativeness. Similarly, Setia et al. (2013) discovered a link between Web IQ 

and organisational capabilities and performance. Furthermore, decision-makers use of IQ has 

been found to have an effect on organisational performance (Ji-fan Ren et al., 2017; Wieder & 

Ossimitz, 2019; Mitrovic, 2020). Similarly, Stonier (1991) emphasised the critical roles of IQ 

for the economy, society, and the whole world. Indeed, identifying and managing corporate 

information has become an important specialized business sub-discipline. In this regard, 

organizations are encouraged to utilize intelligence to identify, analyse and manage 

information because the availability of information alone is not enough for strategic decisions 

(Ashrafi & Ravasan, 2018; Wieder & Ossimitz, 2019; Mitrovic, 2020). In this regard, previous 

researchers argued that the quality of the information received by decision-makers is critical to 

the success of any organisation. As a result, more efficient intelligent systems and practices, 

such as CI, are required to provide accurate and timely information, as well as to determine the 

level of information quality required to ensure a positive relationship between CI use and firm 

succusses (Wieder & Ossimitz, 2015; Saxena & Lamest, 2018; Dabrowski, 2018; Markovich 

et al., 2019; Key & Challagalla, 2020). 

 

Competitive intelligence (CI) systematic, targeted, timely and ethical process that focuses on 

collecting, synthesizing, and analysing information from both the internal and the external 

environment of the firm, and disseminate it to company decision-makers (Calof et al., 2018; 

Oraee et al., 2020; van den Berg et al., 2020; Madureira et al., 2021). Accordingly, CI's unique 

capability is to provide managers with accurate and useful information that leads to informed 

and effective decisions as well as helping organisations to be more efficient (Jaklič et al., 2018; 

Bossé & Rogova, 2019; Chummun & Singh, 2019; Markovich et al., 2019; Mitrovic, 2020; 

Madureira et al., 2021). Additionally, CI helps to identify future opportunities and hazards by 

contributing to the discovery of new possibilities (Calof, 2017; Köseoglu et al., 2019; Maritz 

& du Toit, 2018; Mohamad et al., 2018; Lutz & Bodendorf, 2020). Additionally, CI is a 

strategic instrument that aids in the identification of prospective opportunities and dangers 

(Hendar et al., 2020; Oraee et al., 2020). Companies can use CI to improve their ability to 

access and evaluate competitive information, allowing them to better capture market 

opportunities (Søilen, 2017; Hendar et al., 2020; Silva, 2021). Companies can also utilise CI to 

increase their ability to obtain competitor information in a competitive setting and use that 

information for decision-making and performance improvement (Wright et al., 2009; Hendar 

et al., 2020; Calof & Sewdass, 2020; Silva, 2021). Indeed, some researchers believe that CI is 

like a firm's radar to sense opportunities and threats surrounding (Søilen, 2017; Collovini et al., 

2020). As a result, CI is a valuable resource for strategic planning and other operations since it 

gives data on present and future rivals' activities (Hendar et al., 2020; Calof & Sewdass, 2020; 

Silva, 2021). In this regard, CI has positioned itself among the top strategic practices for 

supporting an organization's performance and enhancing the competitive advantages of the 

organizations (Oraee et al., 2020; Falahat et al., 2020; Calof & Sewdass, 2020; Vugec et al., 

2020; Hanif et al., 2021; Silva, 2021). Accordingly, CI is continuously emerging as a strategic 

practice for hotel companies to distinguish themselves from their competitors (Yap et al., 2014; 

Yan-li & He-feng, 2015; Köseoglu et al., 2016; Yan-Li & He-feng, 2016; Köseoglu et al., 

2020). In addition, according to Yan-li & He-feng (2015), Yan-Li and He-feng (2016), and 

Salguero et al. (2019), the hotel industry is in a dire need of CI especially in the era of big data 

where the better full practice of CI will assist hotel managers to develop well informed and 

wiser marketing decisions by providing them with quality, timely and overall information, 

which can, in turn, lead to competitive advantage for hotels. 
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Despite the imperative role of CI for organizational survival, the field of application has varied. 

Some companies use CI at the tactical level, while others use it at the strategic level, and there 

is also a disparity in the success of implementing CI from one company to another and from 

one sector to another (Yan-li & He-feng, 2015; Köseoglu et al., 2016; Søilen, 2017; Cavallo et 

al., 2020; Silva, 2021). However, several studies have revealed that there is a low level of 

awareness of CI among hotel managers (Yap et al., 2014; Köseoglu et al., 2016; Salguero et 

al., 2019; Köseoglu et al., 2020). Furthermore, although CI has been widely used in the service 

sector, the literature indicated limited research of CI within the hospitality sector (Köseoglu et 

al., 2016; Salguero et al., 2019; Köseoglu et al., 2020). Similarly, the impact of practicing the 

process of competitive intelligence (CIPs) as a multi-stage (Planning and focus, collection, 

analysis, and communication) on IQ has not received enough attention from academics, and 

there is still a lack of empirical studies in this area (Saxena & Lamest, 2018; Wamba et al., 

2019; Markovich et al., 2019; Wieder and Ossimitz, 2019; Vugec et al., 2020). Specifically, 

previous empirical studies which addressed CIPs in the Malaysian hotel context and tourism 

are still very scarce (Yap et al., 2014; Yap et al., 2018). Therefore, the use of IQ (Contextual 

IQ and representational IQ) to evaluate the impact of the CI process in hotel companies is 

crucial (Yan-li & He-feng, 2015; Yan-Li & He-feng, 2016; Laumer et al., 2017; Salguero et 

al., 2019; Köseoglu et al., 2020). Furthermore, these authors recommended that future studies 

should investigate CI dimensions in a variety of industries particularly the hotel industry. Thus, 

this study is one of the first to assess the influence of each phase of CIP phases on Malaysian 

hotels' IQ. Therefore, this study examines the following research questions: 

RQ1: What is the level of IQ resulting from CIP in Malaysian hotels? 

RQ2: Do the CIP phases (planning and focus, gathering, analysis, and communication) have 

an impact on IQ in Malaysian hotels? 

 

Literature Review 

 

Competitive Intelligence Process (CIP) 

Competitive intelligence is a relatively new academic research topic, although it is an 

established corporate activity (Du Toit, 2015; Calof, 2017; Oraee et al., 2020; Madureira et al., 

2021). According to Tao and Prescott (2000), Søilen (2017), and Oraee et al. (2020), CI 

predates Chinese history by approximately 5,000 years. Porter first proposed the concept of CI 

in academic circles in 1980, when he published a paper on competitive strategy (Oraee et al., 

2020). Furthermore, the CI process appears to have expanded dramatically and is regarded as 

one of the most rapidly developing fields in the business domain as a result of CI involvement 

with various disciplines with diverse theoretical foundations such as management, economics, 

computer science, information science, and so on (Oraee et al., 2020; Madureira et al., 2021). 

Scientific associations and the professional community are also involved in this field (Søilen, 

2017; Oraee et al., 2020). Despite this, Tao and Prescott (2000), Tej Adidam et al. (2012), 

Köseoglu et al. (2019), and Oraee et al. (2020) identified an important research gap on CI 

practise in emerging economies and emphasised that there is insufficient knowledge about how 

CI is conducted in these markets where the institutional framework differs significantly from 

that in developed economies. In general, no precise and widely accepted definition of CI is 

provided; however, various perspectives on CI definition can be found in the literature 

(Pellissier & Nenzhelele, 2013; Oraee et al., 2020). Breakspear (2013) defines CI as two 

concepts: competitiveness and intelligence. The former refers to a competition between two or 
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more groups, organisations, or corporations. The latter refers to a corporate capability that 

incorporates foresight and insights with the goal of recognising impending change, which could 

be positive and represent opportunities, or negative and represent threats (Breakspear, 2013). 

According to SCIP (2009), Yin (2018), and Oraee et al., CI can be described as a process or a 

product (2020). Competitive intelligence (CI) is defined by the Society of Competitive 

Intelligence Professionals (SCIP) as a continuous process that includes legal and ethical 

methods for gathering information, analysing it, and controlling its dissemination so that 

decision-makers can make informed decisions about marketing, R&D, and investing tactics, as 

well as long-term business strategies (SCIP, 2009). Meanwhile, CI is defined as information 

about current and future customer, competitor, and supplier behaviour, as well as information 

about the government, market, and general business environment (Calof, 2017; Yin, 2018). As 

a result, for the purposes of this study, the concept of CI as a branch of BI was used as a process. 

 

The competitive Intelligence Process (CIP) is a continuous and integrated process with a series 

of phases that must be carried out in a precise order in order to produce competitive intelligence 

products (Calof et al., 2018; Oraee et al., 2020). There is, however, no consensus on which 

phases make up the CIP. As a result, CIP has been proposed in a variety of ways, and while 

certain similarities exist, there are still differences in the structure of CIP, the number of stages, 

and the terminology for the different phases (Calof, 2017; Oraee et al., 2020; Nyberg). Despite 

this, earlier research (Saayman et al., 2008; Nasri, 2011; Seyyed-Amiri et al., 2017; Hanif et 

al., 2021) indicates to support these stages of CIP "Planning and focus, Gathering, Analysis, 

and Communication": 

 

Planning and Focus Phase (CIP-PF) 

CIP-PF is concerned with defining the needs of decision-makers, assigning appropriate 

resources, and deciding on the CI aim and desired outcomes. This phase is important for two 

reasons: first, it allows CI practitioners to focus on what is most important for end-users 

(decision-makers) in terms of the information needed to meet or exceed their demands and 

expectations; and second, it allows CI practitioners to focus on what is most important for end-

users (decision-makers) in terms of the information and its quality required to meet or exceed 

their demands and expectations (Saayman et al., 2008; Pellissier & Nenzhelele, 2013; Seyyed-

Amiri et al., 2017; Oraee et al., 2020; Hanif et al., 2021). 

 

The Gathering Phase (CIP-G) 

CIP-G is involved with finding potential sources of information and legally and ethically 

collecting data or information from a variety of sources, including internal and external, 

qualitative and quantitative, human sources, and textual sources (Saayman et al., 2008; 

Pellissier & Nenzhelele, 2013; Seyyed-Amiri et al., 2017; Oraee et al., 2020; Hanif et al., 2021). 

It's also worth noting that gathering also requires ensuring that prospective sources and 

information quality are correct (Pellissier & Nenzhelele, 2013; Oraee et al., 2020; Madureira 

et al., 2021; Hanif et al., 2021). 

 

The Analysis Phase (CIP-A) 

CIP-A is crucial since it is here that genuine intelligence is developed (Calof et al, 2018; Oraee 

et al., 2020; Hanif et al., 2021). Its main goal is to turn collected data into actionable intelligence 

that can be used to make tactical and strategic choices (Calof et al., 2018; Oraee et al., 2020; 

Hanif et al., 2021). The analysis phase evaluates the collected and relevant data and information 
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for applicability and significance, then converts the findings into actionable high-quality 

information (intelligence) that will improve the planning and decision-making process, 

ultimately leading to the development of critical strategies and improved performance 

(Salguero et al., 2017; Oraee et al., 2020; Hanif et al., 2021). Furthermore, according to the 

literature, there are a variety of analysis techniques that can be used to provide the intelligence 

needed to make strategic decisions, including Boston Consulting Group (BCG growth) or the 

share portfolio matrix, industry analysis (Porter's Five Forces Model), The General Electric 

Business Screen matrix, strategic group analysis, financial ratios, and value chain analysis 

(Nasri,2011; Pellissier & Nenzhelele, 2013; Oraee et al., 2020; Hanif et al., 2021). 

 

The Communication Phase (CIP-C) 

CIP-C is important because it ensures that the findings of the analysis phase (intelligence 

process) are properly communicated to decision-makers who are authorised and responsible to 

act on the findings in an easily understandable format, using various channels such as e-mails, 

reports, seminars, short notes, and so on (Salguero et al., 2017; Calof et al, 2018; Hanif et al., 

2021). Furthermore, the communication phase provides information that may be used to 

improve the CI process, especially between the intelligence team and decision-makers (Oraee 

et al., 2020; Hanif et al., 2021). 

 

Information Quality (IQ) 

IQ has become a critical issue in the era of an information society, according to Dabrowski 

(2018), Saxena and Lamest (2018) Markovich et al. (2019), and it is a major factor for 

distinguishing between usable and redundant information. Furthermore, information quality is 

an important competitive weapon for businesses in the twenty-first century, according to 

Dabrowski (2018) and Maravilhas (2018). The definition of IQ, on the other hand, is a point of 

contention. IQ has been described in a variety of ways in the literature; for example, Gustavsson 

and Jonsson (2008) defined it as a concept of "fitness for use." IQ, according to another widely 

recognised definition, is "knowledge that is fit for use and fulfils the purpose for which it is 

intended" (Laumer et al., 2017; Bossé & Rogova, 2019). The idea of IQ can be stated in terms 

of outputs that are important for decision making, beneficial for business users, meet users' 

information criteria, and are easy to grasp, according to Gorla et al. (2010) and Bossé and 

Rogova (2019). They also noted the concept of IQ can be described in terms of outputs that are 

relevant for decision making, useful for business users, meet users’ information specifications, 

and easy to understand (representing IS quality as value). Information should reflect the 

important criteria required by customers that are useful for firm performance (Marshall & 

Harpe, 2009; Bossé & Rogova, 2019; Mitrovic, 2020). Indeed, IQ refers to the ultimate and 

significant information or knowledge required by firms to develop strategies, and attain 

sustainable and competitive advantage (Visinescu et al., 2017; Wamba et al., 2019). Despite 

this, surprising and, even more remarkably, previous research has still failed to acknowledge 

the important role that IQ plays in the era of information (Dabrowski, 2018; Saxena & Lamest, 

2018; Markovich et al., 2019). Therefore, this study is one of the first studies that measure the 

impact of each stage of CIP in the context of hotels. 

 

One of the most important concerns for practitioners and researchers in the field of information 

science is determining IQ and offering resources to improve information source selection 

(Arazy et al., 2017; Key & Challagalla, 2020). Information has long been recognised as a 

valuable asset that enables organizations to reduce environmental risks and improve 
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performance (Ashrafi & Ravasan, 2018; Wieder & Ossimitz, 2019; Key & Challagalla, 2020). 

Previous research on information science has focused on the underlying properties of IQ 

dimensions, such as correctness, completeness, presentation, and objectivity (DeLone & 

McLean, 1992; Lee et al., 2002; Arazy et al., 2017; Wieder & Ossimitz, 2019; Bossé & Rogova, 

2019). These studies have mostly focused on the importance of IQ dimensions, with the goal 

of determining the best dimension to represent users' perceptions. Furthermore, according to 

Arazy and Kopak (2011) and Bossé & Rogova (2019), consumers interpret different 

characteristics of information in different ways based on their skill and knowledge, gender, and 

information-seeking style. IQ is a multidimensional construct with certain features that indicate 

the quality and the success of business intelligence (BI) systems (Lee et al., 2002; Bossé & 

Rogova, 2019). Arazy et al. (2017) and Bossé and Rogova (2019) combine these parameters 

into dimensions or groups that have similar traits, such as contextual, intrinsic, accessible, and 

representational are four high-level categories for the multidimensional IQ construct. Their 

methodologies included a model of measurement and analysis however they did not apply it to 

elaborate a dependent variable such as user satisfaction or the manifestation of workarounds 

(Laumer et al., 2017). The multidimensional construct was empirically characterised by 

Laumer et al. (2017) into two high-level categories: contextual and representational. They 

stated that distinguishing between representational and contextual IQ as two essential 

components of IQ is critical. In the context of this investigation, these two dimensions are used. 

 

In addition, Lee et al. (2002) defined contextual IQ as "the necessity that IQ is used in the 

context of the activity at hand." According to the previous literature, contextual IQ 

encompasses the qualities of relevance, completeness, timeliness, and importance (DeLone & 

McLean, 1992; Laumer et al., 2017; Bossé & Rogova, 2019). Furthermore, Lee et al. (2002) 

defined representational IQ as the need to ensure correct information display for ease of 

interpretation and manipulation. According to Arazy and Kapak (2011), representational IQ is 

defined as the degree to which the information being assessed is simple to comprehend and 

presented in a clear, succinct, and consistent manner. Furthermore, the literature suggests that 

understanding, format, conciseness, readability, clarity, compatibility, and meaningfulness are 

all features of representational IQ (DeLone & McLean, 1992; Laumer et al., 2017; Bossé & 

Rogova, 2019). Additional features of representational IQ include the ability to be quickly 

updated, joined, downloaded/uploaded, modified, manipulated, aggregated, replicated, 

integrated, and customised (Dooley, 2015). 

 

Hypotheses Development 

 

CIPs and Hotel’s Information Quality 

Kohli and Jaworski (1990) stated that intelligence practise is critical for obtaining high-IQ and 

that CI as part of BI should focus on output quality. CI is a strategic instrument that gives 

relevant information, prevents undesirable information, makes data unique and trustworthy, 

and uses information strategically (Maritz & du Toit, 2018; Mohamad et al., 2018; Salguero et 

al., 2019; Lutz & Bodendorf, 2020). The core of CIP is its ability to improve and facilitate 

decision-making by providing managers with high-quality information that leads to more 

informed and efficient decisions and improved organisational performance (Jaklič et al., 2018; 

Bossé & Rogova, 2019; Chummun & Singh, 2019; Markovich et al., 2019; Madureira et al., 

2021). We can utilise the CI idea interchangeably with different terminologies such as BI and 

market intelligence (MI), according to Köseoglu et al. (2016), Calof (2017), and Oraee et al. 



 

 

 
Volume 6 Issue 24 (December 2021) PP. 34-57 

  DOI: 10.35631/JISTM.624005 

Copyright © GLOBAL ACADEMIC EXCELLENCE (M) SDN BHD - All rights reserved 

41 

 

 

(2020). Furthermore, Markovich et al. (2019) and Vugec et al. (2020) discovered that while CI 

has no direct impact on firm performance, it does have an indirect impact through intermediate 

variables like information quality. Wieder and Ossimitz (2015), Daradkeh and Al-Dwairi 

(2018), Wieder and Ossimitz (2019) and Lutz and Bodendorf (2020) have all found that CI has 

a favourable connection with IQ. As a result, IQ is one of the most important, accurate, and 

easily available benefits of intelligent and analytical procedures (Watson et al., 2002; Lutz & 

Bodendorf, 2020). Despite this, surprising and, even more remarkably, previous research has 

still failed to acknowledge the important role that IQ plays in the era of information 

(Dabrowski, 2018; Saxena & Lamest, 2018; Markovich et al., 2019). Therefore, this study is 

one of the first studies that measure the impact of each stage of CIP in the context of hotels. 

 

CI is an important strategy for the hotel industry that can be used to improve the quality of 

information about customers and competitors, increase guest patronage, and improve 

competitive advantage (Yan-li & He-feng, 2015; Köseoglu et al., 2016; Daradkeh & Al-Dwairi, 

2018; Salguero et al., 2019; Köseoglu et al., 2020). Previous research has also discovered a 

link between CI and IQ. One of CI's significant achievements is its ability to focus on output 

quality as information quality (IQ) (Teo & Choo, 2001; Wieder & Ossimitz 2015; Ashrafi & 

Ravasan, 2018; Torres & Sidorova, 2019). According to Yan-li and He-feng (2015), Markovich 

et al. (2019), and Kumar et al. (2020), the most major value supplied by CIP is the acquisition 

of high-quality information for decision-making to improve the organization's performance. 

Quality of information, according to Jaklič et al. (2009), and Wamba et al. (2019), promotes 

well-informed decision-making, improves planning, and provides sustainable competitive 

advantage strategies. Furthermore, previous academics asserted that the quality of information 

gathered by decision-makers is critical to the success of any company. As a result, more 

efficient intelligent systems and processes, such as CIP, are required to supply accurate and 

timely information, as well as to establish the level of information quality required to ensure a 

positive association between CIP utilisation and firm performance (Shen et al., 2017; Visinescu 

et al., 2017; Markovich et al., 2019; Key & Challagalla, 2020). CIP generates IQ (competitive 

intelligence products) through a continuous and integrated process with a set of stages 

according to Oraee et al. (2020) and Calof and Sewdass (2020). Therefore, we proposed the 

following hypotheses: 

H1: The CIP's planning and focus phase influences IQ in Malaysian hotels. 

H2: The CIP's gathering phase influences IQ in Malaysian hotels. 

H3: The CIP's analysis phase influences IQ in Malaysian hotels. 

H4: The CIP's communication phase influences IQ in Malaysian hotels. 

 

According to the theoretical framework and prior hypotheses, the conceptual framework will 

be depicted as in Fig.1. 
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Figure1: The Conceptual Framework 

 

Methodology 

The main goal of this research is to define the level of IQ in Malaysian hotels, as well as 

investigating the influence of each phase of CIP on the contextual and representational IQ of 

Malaysian hotels. To achieve these goals, we employed a quantitative approach to collect data 

from Malaysian hotels' marketing managers. There is empirical evidence from previous studies 

where researchers in previous studies used hotel marketing managers as the main respondents 

e.g., Yap et al. (2014), Yan-li & He-feng (2015), Yan-Li and He-feng (2016), Köseoglu et al. 

(2016) and Köseoglu et al. (2019), moreover, Yap et al. (2014), Köseoglu et al. (2019) and 

Markovich et al. (2019) noted that CI unit is located within the marketing management. Thus, 

it is anticipated that the marketing managers will be accurate to fully answer virtually all 

questions. The population in this study comprised hotels in Malaysia with 3- to 5-star ratings, 

which totalled 535 hotels in December 2018, according to the Malaysian Association of Hotels 

(MAH, 2018). Yap et al. (2014) and Köseoglu et al. (2016) argued that these types of hotels 

are suitable for investigating CIP since they are superior to one-star and two-star hotels in terms 

of management organisation, information handling, and institutionalisation. Because of the 

study population's small size, Zikmund (2003) and Zikmund et al. (2013) advised that if the 

population has a small population size, the researcher should investigate the entire population 

rather than selecting a sample size. Thus, we used a survey of the total population, which 

included 535 -3 to 5-star hotels based on the MAH membership database. Since Malaysian 

hotels are located in various and spaced areas, data was gathered using a questionnaire over a 

four-month period from November 2019 to February 2020. After excluding the 30 hotels that 

were used in the pilot study, the questionnaires were distributed via email to the marketing 

managers of 505 hotels. Due to the low recovery rate of email surveys, researchers visited 

hotels in Northern Malaysia (Pulau Pinang, Kedah, and Perlis), as well as the majority of hotels 

in Kuala Lumpur, Selangor, and Malacca, and the total number of questionnaires recovered is 

192. After checking for damaged questionnaires and outlier data, the final review of the 

questionnaires received yielded 184 questionnaires (36.44 percent) that were appropriate for 

data analysis. In terms of the profile of respondents, the male respondents made up 45.1 percent 

of the total, while female respondents made up 54.9 percent. The majority of the responders 

were between the ages of 36 and 45 with 44.6%. All respondents held a managerial role, with 

the majority (91.3%) holding the marketing manager job, followed by the sales manager 

position (7.6%). As a result, all respondents were regarded qualified to answer questions on 

the hotel's IQ and CIP practice. They were also aware of CI practices, as the majority of 
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respondents had worked in this hotel for 4-9 years and had a percentage of 68 percent, while 

the majority of the respondents had ten years and more of experience working in the hotel 

sector, with a percentage of 67.4 percent. In terms of hotel profile, 31.5 percent of hotels were 

classified as "three-star," 40.2 percent as "four-star," and the rest as "five-star". The majority 

of the hotels, on the other hand, were classified as city hotels (78.8 percent). 75 percent of 

hotels have been open for more than ten years, making them mature establishments. The 

majority of these hotels had over 300 rooms. In addition, Selangor had the highest percentage 

of people who responded to the survey, with 26.6 percent. 

 

Measures 

The operationalization of the IQ measurement in this study was based on fifteen items 

distributed across two dimensions (contextual and representational IQ) as a second-order drawn 

from Lee et al. (2002), DeLone & McLean (2003), and Petter et al. (2013), and revised by 

Laumer et al (2017). The measuring items were tailored to the hotel's CIP. Furthermore, CIP 

has been measured by 18 items divided into four sub-dimensions are (planning and focus (CIP-

PF) have 4 items, gathering (CIP-G) has 4 items, analysis (CIP-A) has 6 items, and 

communication (CIP-C) has 4 items). Previous research has found that subjective assessments 

of CIPs and IQ in hotels can be useful. The five constructs were assessed using a "5-point 

Likert scale, with 1 indicating "strongly disagree" and 5 indicating "strongly agree" for the 

statements proposed". After that, respondents were asked to give their opinions on CIPs and 

IQ in their hotels depending on the previous three years. 

 

Results 

To analyse the results of this study and to achieve its objectives, two statistical packages were 

used, namely, the statistical package for social sciences "SPSS" and "structural equation 

modelling for partial least squares". Where the first package was used to measure the level of 

IQ resulting from CI in Malaysian hotels. While we used SEM-PLS to evaluate the 

measurement model and structural model in order to report key findings on the "measurement 

model" and the "structural model" which include constructing, the validity of discriminant and 

convergent, the analysis of reliability, the predictive importance for the model, and impact size. 

The path modelling of PLS had successfully expanded use in several research fields, like, 

strategic-management, marketing, information-system, social psychology, and management 

science than others (Hair et al., 2019). According to Hair et al. (2019) PLS-SEM considers a 

suitable and sturdy method for numerous situations observed in the research of social sciences. 

 

The Level of IQ in Malaysian Hotels 

In order to measure the level of IQ (Contextual (CIQ) and Representational (RIQ) in Malaysian 

hotels, descriptive statistics were calculated that include mean and deviations' standards. As 

explained above, structures were measured in the current study using the "5-point Likert scale". 

So, we used three classes depending on Noor and Kumar (2014), to illustrate the level of IQ in 

Malaysian hotels, namely: the low values which are less than 2.33 ("4/3 + lowest-value (1)"), 

the high values which are higher than 3.67 (the highest-value "(5) - 4/3)" and the moderate 

values which are located among high and low values. 

 

In addition, the overall mean for all items of the contextual IQ (CIQ) ranged between, 3.88 to 

4.103, which indicated that all items of CIQ get the high level of mean values, as well the total 

mean value of CIQ had a high level of mean with 3.98 value, as displayed in table 1. 
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Additionally, the overall mean for all items of the representational IQ (RIQ) ranged between, 

3.527 to 4.038, which indicated that most items of RIQ get the high level of mean values, as 

well the total mean value of RIQ had a high level of mean with 4.068 value, as displayed in 

table 1. In specific, all dimensions of IQ (CIQ and RIQ) have a high level of the means 3.98 

and 4.068 with moderate standard deviation 0.644 and 0.752 respectively, this reflects the 

interest of marketing managers in Malaysian hotels on the importance of dimensions of IQ and 

CIP that generated IQ. The high level of mean values reflects that the level of IQ is high in 

Malaysian hotels. see Table 1. 

 

Table 1: Descriptive Statistics for The Level of Hotels’ IQ (N=184) 

Dimension Item Mean 
Std. 

Deviation 

Level of 

IQ 

Contextual IQ 

CIQ1 3.880 0.787 High 

CIQ2 3.891 0.760 High 

CIQ3 3.995 0.728 High 

CIQ4 4.103 0.674 High 

CIQ5 4.087 0.696 High 

CIQ6 3.935 0.807 High 

CIQ7 3.957 0.855 High 

CIQ8 3.924 0.772 High 

CIQ9 4.049 0.647 High 

Total 3.980 0.644 High 

Representational 

IQ 

RIQ1 4.038 0.749 High 

RIQ2 3.984 0.902 High 

RIQ3 4.027 0.871 High 

RIQ4 3.576 0.764 Moderate 

RIQ5 3.527 0.669 Moderate 

RIQ6 3.755 0.775 High 

Total 4.068 0.752 High 

 

The Resulting of The Measurement Model 

The measuring model was evaluated using Hair et al. (2019) guidelines, which looked at 

construct, convergent, and discriminant validity. Construct validity refers to the use of the 

results acquired by using the measure and applicable theories while creating a test (Sekaran & 

Bougie, 2016). This concept can be realised by looking at the item's factor loading in the 

content validity of the measurement model (Chin, 2010; Hair et al., 2014). In this circumstance, 

all items should be significantly higher on their hypothesised factor than on other factors (Chin, 

2010). As a result, certain items are deleted if other factors load higher than their respective 

build (Hair et al., 2014). This paper uses factor loading as a primary factor, with a cut-off 

criterion of 0.70 (Hair et al., 2019). The loadings for all items were larger than 0.70, as shown 

in Table 2. Therefore, this finding confirms the content validity of the measurement model. As 

a result, this conclusion supports the measurement model's content validity. 
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Table 2: Loadings and Cross-Loadings 

Item 
CIP-

PF 
CIP-G CIP-A CIP-C 

IQ-

CIQ 

IQ-

RIQ 

CIP_PF1 0.83 0.73 0.69 0.62 0.72 0.70 

CIP_PF2 0.90 0.71 0.69 0.64 0.65 0.61 

CIP_PF3 0.84 0.72 0.62 0.52 0.67 0.67 

CIP_PF4 0.81 0.80 0.77 0.69 0.67 0.66 

CIP_G1 0.78 0.88 0.79 0.76 0.77 0.75 

CIP_G2 0.71 0.82 0.66 0.53 0.66 0.65 

CIP_G3 0.64 0.83 0.68 0.63 0.67 0.60 

CIP_G4 0.80 0.82 0.81 0.77 0.67 0.67 

CIP_A1 0.74 0.80 0.87 0.73 0.74 0.79 

CIP_A2 0.75 0.80 0.89 0.73 0.79 0.78 

CIP_A3 0.74 0.81 0.88 0.74 0.70 0.71 

CIP_A4 0.56 0.60 0.72 0.57 0.61 0.53 

CIP_A5 0.55 0.57 0.74 0.68 0.50 0.48 

CIP_A6 0.61 0.67 0.75 0.78 0.54 0.55 

CIP_C1 0.57 0.70 0.72 0.86 0.57 0.52 

CIP_C2 0.62 0.72 0.76 0.93 0.57 0.57 

CIP_C3 0.45 0.40 0.49 0.61 0.32 0.39 

CIP_C4 0.76 0.81 0.86 0.92 0.72 0.72 

CIQ1 0.66 0.61 0.59 0.46 0.84 0.74 

CIQ2 0.70 0.68 0.69 0.55 0.86 0.80 

CIQ3 0.75 0.82 0.80 0.71 0.88 0.81 

CIQ4 0.62 0.67 0.65 0.58 0.86 0.69 

CIQ5 0.67 0.74 0.72 0.61 0.86 0.73 

CIQ6 0.74 0.74 0.74 0.66 0.87 0.79 

CIQ7 0.74 0.77 0.74 0.62 0.84 0.85 

CIQ8 0.72 0.68 0.65 0.49 0.90 0.82 

CIQ9 0.63 0.73 0.68 0.56 0.84 0.74 

RIQ1 0.74 0.75 0.73 0.64 0.82 0.87 

RIQ2 0.71 0.77 0.78 0.69 0.78 0.86 

RIQ3 0.71 0.72 0.75 0.63 0.84 0.91 

RIQ4 0.61 0.61 0.58 0.49 0.68 0.79 

RIQ5 0.48 0.51 0.51 0.42 0.59 0.72 

RIQ6 0.52 0.48 0.50 0.31 0.61 0.66 

 

The construct being measured can be estimated using factor loadings, composite reliability 

(CR), and the extracted average variance (AVE). The recommended loading is set at 0.70; CR 

must be greater than 0.70, and AVE should be greater than the generally accepted cut-off points 

of 0.50. Accordingly, there were 2 loading items deleted because it was less than 0.70 are 
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(CIP_C3 and RIQ6). Using item loadings, the item loading for the hypothesized factor was 

found to be significantly higher than the other components (Chin, 2010). Furthermore, CR 

findings were higher than outcomes that were over 0.70. The AVE indicates that the latent 

variable was greater than 0.50 (Hair et al., 2019). The findings in Table 3 are higher than 

predicted levels, thereby validating the convergent validity of the measuring model. 

 

Table 3: Load Factor and Convergent Validity Findings 

Model 

Construct 

Measurement 

Item 
Loading 

Composite 

Reliability 

(CR) 

Average 

Variance 

Extracted 

(AVE) 

Planning and 

Focus (CIP-PF) 

CIP_PF1 0.830 

0.907 0.711 
CIP_PF2 0.895 

CIP_PF3 0.835 

CIP_PF4 0.809 

Gathering (CIP-

G) 

CIP_G1 0.870 

0.897 0.745 CIP_G2 0.841 

CIP_G3 0.877 

Analysis (CIP-A) 

CIP_A1 0.876 

0.916 0.687 

CIP_A2 0.904 

CIP_A3 0.884 

CIP_A4 0.735 

CIP_A5 0.728 

Communication 

(CIP-C) 

CIP_C1 0.896 

0.939 0.838 CIP_C2 0.930 

CIP_C4 0.919 

Contextual IQ 

CIQ1 0.887 

0.954 0.775 

CIQ2 0.889 

CIQ3 0.911 

CIQ4 0.898 

CIQ5 0.899 

CIQ9 0.793 

Representational 

IQ 

RIQ1 0.890 

0.923 0.708 

RIQ2 0.894 

RIQ3 0.913 

RIQ4 0.773 

RIQ5 0.721 

 

After the convergent validity was confirmed, we ran the Fornell and Larcker (1981) technique 

to examine the discriminant validity. To what extent is a group of items used to estimate only 

one construct, and to what extent is the separate estimation of this construct accomplished in 

the process (Hair et al., 2014). The correlation between the latent constructs will need to be 

greater than the square root of the AVE of each latent construct to successfully implement this 
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approach (Hair et al., 2014; Fornell and Larcker, 1981). Accordingly, there were 5 items 

deleted that are (CIP-A6, CIP-G4, CIQ6, CIQ7, and CIQ8) in order to achieve the condition of 

Fornell and Larcker (1981). It can be concluded that discriminant validity is fully established 

because the square root of the AVE values exceeded in their own rows and columns. Table 4. 

displays the findings, and fig 2. displays the measurement model. 

 

Table 4: Results of Discriminant Validity by "Fornell–Larcker Criterion" 

Construct CIP-A CIP-C CIP-G 
CIP-

PF 

IQ-

CIQ 

IQ-

RIQ 

CIP-A 0.835      

CIP-C 0.827 0.915     

CIP-G 0.825 0.764 0.863    

CIP-PF 0.819 0.719 0.826 0.843   

IQ-CIQ 0.791 0.677 0.788 0.765 0.880  

IQ-RIQ 0.807 0.685 0.774 0.778 0.842 0.850 

 

According to the findings, the recommended conceptualization of CIP-PF, CIP-G, CIP-A, and 

CIP-C of CIP as reflecting first-order structures was supported. This methodology is in 

agreement with prior research that has combined ECIP-PF, CIP-G, CIP-A, and CIP-C to create 

a unified approach (Saayman et al., 2008; Seyyed-Amiri et al., 2017; Hanif et al., 2021). To 

identify and explain the whole IQ of firms, the two dimensions of the IQ construct (as second-

order structures) were utilized (contextual and representational IQ) used in this study based on 

Laumer et al (2017). This research seeks to learn more about the correlation between CIP-PF, 

CIP-G, CIP-A, and CIP-C so that we can enhance our comprehension of how they are related 

to other variables. 

 

 
Figure 2: Measurement Model and Path-Coefficient Results 

 

Structure-mode Valuation 

Once the model's validity and reliability had been confirmed, the hypothesized link was 

investigated using Smart-PLS 3.3.3. Where hypothesis H1, H2, and H3, were accepted, while 
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the hypothesis H4 was rejected, Figures 2 & 3, and Table 5 illustrate the results. Hair et al. 

(2014) noted that the important criterion for the structural model evaluation is R2, as the 

predictive PLS–SEM approach tries to illuminate the variance of the endogenous latent 

variables. So, R2, which is one of the primary objectives, should be placed in a high position. 

They also considered the R2 value of 0.75, 0.50, and 0.25, and arrived at the conclusion that 

these values were "high, moderate, and weak", respectively. In our study, R2 obtained a value 

of 0.76 using the PLS algorithm, and this value considers a high level. Figure 2 shows that the 

CIP-PF, CIP-G, CIP-A, and CIP-C phases of CIP account for 76% of the variation in the hotel's 

IQ, which is in the high range. Additionally, the effect size for the latent factors on the 

dependent variable was evaluated using f2 analysis, which is a complement to R2 (Chin, 2010). 

According to Cohen (2013), the effect sizes (big, medium, and small) for the predictive 

variables are represented by f2 values of (0.35, 0.15, and 0.02). As indicated in Table 6, CIP-

A has a moderate effect size (0.147) and CIP-PF and CIP-G have small impacts (0.06 and 0.09) 

respectively, while the CIP-C has a very small impact size (0.002). using the blindfolding 

approach, the model was also assessed to see if it was of a high enough quality (Henseler et al., 

2015). The Stone–Geisser test can be used to simulate soft modelling comparable to hand in 

glove, says Valerie (2012). "This test is computed through the formula Q2= 1 – sum of squares 

of prediction errors (SSE)/sum of squares of observations (SSO)". When blindfolding is 

employed, the value of Q2 is derived by counting the number of cases in the data instead of the 

given omissions distance. If the value of Q2 is not a multiple of the given omissions distance, 

then the blindfolding method provides inaccurate values, and values from 5 to 10 should be 

used (Hair et al., 2014). Since this research utilised 7 as the value of d to represent the cross-

validated redundancy methods for each dependent variable, the current research selected 7 as 

the value of d. According to Hair et al. (2014), if the cross-redundancy value is larger than zero, 

the model has predictive value; otherwise, one cannot make any conclusions about the 

predictive relevance of the model. The cross-validated redundancy of hotels' performance was 

0.515, as shown in Table 7. Thus, it was concluded that the model's prediction quality is 

satisfactory. 

 

Additionally, the effect size for the latent factors on the dependent variable was evaluated using 

f2 analysis, which is a complement to R2 (Chin, 2010). According to Cohen (2013), the effect 

sizes (big, medium, and small) for the predictive variables are represented by f2 values of (0.35, 

0.15, and 0.02). As indicated in Table 6, CIP-A has a medium effect size (0.15), and CIP-PF 

and CIP-G have tiny effect sizes (0.060 and 0.091), respectively on hotel performance. While, 

CIP-C has a very small effect size (0.002) on hotel performance. 

 

Table 5: Hypothesis-Testing Results 

Hypotheses 
Path 

Coefficient 

Standard 

error 

T 

Statistics 

P-

Values 
Results 

CIP-PF -> HP 0.236 0.095 2.482 0.013 Supported 

CIP-G -> HP 0.303 0.080 3.779 0.000 Supported 

CIP-A -> HP 0.425 0.087 4.880 0.000 Supported 

CIP-C -> HP -0.043 0.089 0.485 0.628 Not Supported 

         Note: ***: p<0.01; **: p<0.05; *: p<0.1. 
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Table 6: Effect Size (F2) 

Construct R2 F2 Effect 

IQ 0.759   

CIP-PF -- 0.060 Small effect 

CIP-G -- 0.091 Small effect 

CIP-A -- 0.147 Medium effect 

CIP-C -- 0.002 Very Small effect 

 

Table 7: Model's Prediction Relevance 

Total SSO SSE 
Q² (=1-

SSE/SSO) 

Hotel’s IQ 2024 981.801 0.515 

 

 
Figure 3: Hypothesis-Testing Results 

 

Discussion and Implications 

The hospitality industry is in desperate need of CI, particularly in the age of big data, where 

better CI practises would assist hotel managers in making better marketing decisions based on 

the quality of information resulting from CIP, resulting in competitive advantage (Yan-li & 

He-feng, 2015; Yan-Li & He-feng, 2016; Salguero et al., 2019). As a result, the current study 

sought to ascertain the level of IQ in hotels in an emerging economy such as Malaysia. 

Furthermore, the study seeks to determine the impact of each phase of CIP on hotels' IQ. To 

achieve the first goal, descriptive statistics were used, as it was discovered that, the level of IQ 

in terms of two dimensions (contextual and representational IQ) operation in Malaysian hotels, 

was high, with the arithmetic mean values for two dimensions reaching (3.980 and 4.068) 

respectively, and all these values are considered high based on Noor and Kumar (2014). This 

demonstrates that marketing managers in Malaysian hotels have a high interest in all properties 

of IQ resulting from CIP phases. Although marketing managers have a high interest in all 

phases of CIP, the CI practice in Malaysian hotels is still in its infancy and requires the attention 

of hotel executives to encourage the establishment of formal CI practice units. 
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The second objective of this study is to examine the effect of CIP phases (planning and focus 

(CIP-PF), gathering (CIP-G), analysis (CIP-A), and communication (CIP-C)) on IQ at 

Malaysian hotels, which is the important phases of CIP practices (Saayman et al., 2008; Tej 

Adidam et al., 2012; Seyyed-Amiri et al., 2017; Hanif et al., 2021). The empirical result reveals 

that the CIP-PF has an impact on hotels' IQ (β= 0.236, t = 2.482, p <0.05), as shown in Table 

5. As a result, H1 is acceptable. This conclusion is since hotels that practice planning and focus 

as a phase of CIP are defining decision-makers' needs, allocating appropriate resources, and 

deciding on the CIP's purpose and desired outcomes. This phase is crucial for two reasons: 

first, it is essential to determine the required resources for the CI function, and second, it allows 

CI practitioners to focus on what is most relevant to end-users (Saayman et al., 2008; Seyyed-

Amiri et al., 2017; Oraee et al., 2020). As a result, hotels that use CIP-PF achieve high IQ. 

 

The second part of the second objective of this study is to examine the effect of the gathering 

phase (CIP-G) on IQ at Malaysian hotels, which is one of the important phases of CIP practices 

(Tej Adidam et al., 2012; Seyyed-Amiri et al., 2017; Hanif et al., 2021). The empirical result 

reveals that the CIP-G has an impact on hotels' IQ (β= 0.303, t = 3.779, p <0.001), as shown in 

Table 5. As a result, H2 is acceptable. This conclusion is based on the fact that hotels that 

practise gathering (CIP-G) phase of CIP is concerned with identifying potential sources of 

information and collecting data or information legally and ethically by utilising various 

sources, including internal and external, qualitative and quantitative, human sources, and 

textual, and  It is also important to note that collection also entails ensuring that the potential 

sources and information are accurate (Saayman et al., 2008; Nasri, 2011; Seyyed-Amiri et al., 

2017; Oraee et al., 2020). As a result, hotels that use the CIP-G phase achieve high IQ results. 

 

The third part of the second objective of the study is to examine the effect of the analysis (CIP-

A) phase on IQ at Malaysian hotels, which is one of the important phases of CIP practices, 

because in this process that actual intelligence is formed (Saayman et al., 2008; Pellissier & 

Nenzhelele, 2013; Calof, et. al, 2018). The empirical result reveals that the CIP-A phase has 

an impact on hotels' IQ (β= 0.425, t = 4.880, p <0.001), as shown in Table 5. As a result, H3 is 

acceptable. This conclusion is based on the fact that hotels that practise the analysis phase (CIP-

A) of CIP concerned with the collected and relevant data and information for applicability and 

significance, then transform the results into actionable intelligence (IQ) that will improve the 

planning and decision-making process, ultimately leading to the development of essential 

strategies and improve performance (Bose, 2008; Salguero et al., 2017; Oraee et al., 2020). As 

a result, hotels that use CIP-A phase achieve high IQ. 

 

The fourth part of the second objective of the study is to examine the effect of the 

communication phase (CIP-C) on IQ at Malaysian hotels, which is one of the important phases 

of CIP practice because it ensures that the findings of the analysis phase (intelligence process) 

are properly communicated to decision-makers who are authorised and responsible to act on 

the findings in a format that is easily understood, using various channels such as e-mails, 

reports, seminars, short notes, and so on (Saayman et al., 2008; Pellissier & Nenzhelele, 2013; 

Calof, et. al, 2018). The empirical result reveals that the CIP-C phase has a slightly negative 

effect on hotel performance, but it is not significant (β= -0.043, t = 0.485, p > 0.1), as shown 

in Table 5. As a result, H4 is unacceptable. In this case, the researchers have concluded that 

this outcome can be attributed to the fact that many of the hotels surveyed were practicing CIP 

informally. Therefore, hotels should strive to establish a formal CI unit, and train CI staff in 
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communication tools to communicate the results of the CIP to decision-makers according to 

their needs. 

 

In general, the results of this study proved that all phases of CIP affect the IQ of hotels by 76%, 

that is, the CIP-PF, CIP-G, CIP-A, and CIP-C approaches account for 76% of the variation in 

hotels' IQ, which is in the high range. This result is in line with the previous studies examining 

the impact of BI on IQ, such as Teo and Choo (2001), Popovič et al. (2012), Visinescu et al. 

(2017), and Shen et al., (2017). Although this result confirms the significant effect of CIP on 

firms' performance, there is limited research in the hotel sector such as Yan-Li and He-feng 

(2015) and Köseoglu et al. (2020). 

 

Conclusion and Limitations 

This study is one of the first studies that look at the effect of practice (CIP-PF, CIP-G, CIP-A, 

and CIP-C) on IQ in Malaysian hotels. The researchers also conducted an additional 

investigation about the level of IQ resulting from CIP in Malaysian hotels. The findings from 

the study showed that the CIP-PF, CIP-G, and CIP-A phases were strongly linked to hotels' IQ. 

Additional evidence shows that the analysis phase (CIP-A) is the most relevant, followed by 

the gathering phase (CIP-G), and finally the planning and focus phases (CIP-PF). While the 

communication phase (CIP-C) does not have a significant impact on hotels' performance. 

Moreover, the results showed that although half of the Malaysian hotels were practicing CI 

informally, the level of IQ resulting from CIP practice was at a high level for all dimensions 

(contextual and representational) of IQ. These findings have major implications for 

understanding how to improve the IQ in hotels. The observed difference in the shift from 

survival mode to hotels' growth is most clearly demonstrated by a combination of the three 

processes that generate the high IQ. 

 

This study had limitations, such as the difficulty of getting all hotels in every Malaysian state, 

as well as the impact of the Corona pandemic, which prevented researchers from gathering 

further information. In addition, this research looked into the relationship between the hotels' 

IQ and the various CIP phases in Malaysia (CIP-PF, CIP-G, CIP-A, and CIP-C). This permits 

future research to focus on new aspects of CI, such as competitive intelligence context, while 

also increasing the response rate. The available study is limited to the hospitality business, 

which is the second problem. Future research should consequently focus on Malaysia's other 

industries. The fact that this investigation is taking place in Malaysia is the third factor to 

consider. Future studies will be able to reproduce the findings in different countries in order to 

generalise the findings. 
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