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A B S T R A C T

Cognitive computing holds considerable potential for holistic data interpretation in a dynamic business en-
vironment. It can act as an enabler of organizational ambidexterity. The present study explores the potential role
cognitive computing can play in an organizational context with global partnerships. The study uses qualitative
mode of enquiry and organizational information processing theory as the theoretical framework. Emergent
categories were identified using thematic analyses. The key findings of the study highlight the critical gaps in
traditional decision systems; cognitive computing as an enabler of ambidextrous orientation and facilitator of
informational access for enhanced performance in case of global strategic partnerships.

1. Introduction

The contemporary world is characterized by fast changing en-
vironment. Business organizations are faced with the challenge of
keeping pace with developments in the field of technology, markets,
cultural and socio-economic structures. All strategic decisions rest on
the information processing, analytical and predictive capabilities of the
organizations (Dubey et al., 2017). In such a scenario, an ambidextrous
and dynamic adjustment approach focused on balance between busi-
ness continuity and strategic change is the key to firm performance.
Ambidextrous organizations are characterized by the agility and ad-
justment along with strong predictive capabilities and readiness for
change (Cegarra-Navarro et al., 2018; Del Giudice et al., 2018a, 2018b;
Yu et al., 2018). However, organizational ambidexterity requires con-
tinuous monitoring and analysis of market, financial and technological
data for decision making in respect of current functioning and future
strategy. On one hand, ambidextrous organizations strive to exploit the
current business opportunities while maintaining a steady growth, and
on the other hand, strive to explore newer business opportunities that
align with the overarching vision (Tushman and O'Reilly, 2002). Big
corporations face the challenge of having concurrent exploitative and
explorative capabilities and processes (Bodwell and Chermack, 2010).
Since the organizations are known to be fairly rooted in their present

processes and routines (Ketokivi and Schroeder, 2004), a focus towards
more dynamic and unconventional business opportunities may not be
well served by current capabilities of the incumbent organization.

In such a case, the incumbent organization can utilize its present
capabilities for exploitative purposes while join hands with suitable
partners for a more innovative and explorative purpose. Thus, global
strategic partnerships can augment the current capabilities of the in-
cumbent organization while simultaneously preserving its ambidex-
trous character. However, in the case of global strategic partnerships,
information is required both at regional and global level (Buckley and
Ghauri, 2015) and is seen as a crucial resource for a firm's innovation
and growth endeavors (Campanella et al., 2017; Caputo, 2017; Shaw
and Allen, 2018). Organizations either act on information resulting
from structured research or on contingent and unexpected information
arising as a result of contemporary happenings and events. While the
former has a well-conceived purpose, the latter is often seen as a new
resource which can be leveraged for firm's future endeavors (Werhahn
et al., 2015).

Opportunities to access relevant information are essential for aug-
menting and updating the existing knowledge (Choy Chong et al.,
2011). A consideration about the significance of information leads the
firms to establish ways and means to facilitate knowledge sharing
among employees (Al Ahbabi et al., 2018; Caputo and Evangelista,
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2019; Choy Chong et al., 2011; Marin et al., 2016). Information sharing
becomes even more significant in a context where multiple actors are
engaged (Caputo et al., 2016). Traditional decision support systems
including traditional Business Intelligence (BI) along with conventional
data analytic techniques which are currently in use in organizations
across world (Chen and Lee, 2003; Maas et al., 2016) were developed to
harness specific data processing functionalities that can aid data
synthesis and analysis useful for key decision areas such as market
forecasts, consumer sentiments, financial and economic trends etc.
(Chen et al., 2012). These systems work on externally fed market,
consumer, financial or production data that is largely structured in
nature (Herschel and Jones, 2005). However, contemporary business
data is characterized by increasing uncertainty and complexity
(Calabrese et al., 2018). With the wide proliferation of web 2.0, there
has been a tremendous increase in the availability of unstructured data
such as social media sentiments, technological trends, geo-political
events, international developments (LaValle et al., 2011; Spangler and
Kreulen, 2007). Global Strategic partnerships do not rely only on local
knowledge but rather take into account global developments, regula-
tions and geo-political events. In such a scenario, traditional decision
support systems of both the incumbent organizations will not suffice to
comprehend the complexity of data arising from both structured (like
consumer data, market research data, operational data etc.) and un-
structured sources (like social media sentiments, geo-political events,
global developments, international regulatory changes etc.).

Thus, there is a need of a solution that can combine the decision-
making functionality with dynamic learning capabilities (Christopoulos
et al., 2017). Cognitive computing technology is one such technology
inspired by the cognitive capabilities of human mind where computer
models capture the learning and analytical capabilities based on the
data sets fed to them (Modha et al., 2011). The system also involves a
self-learning mechanism thereby inducing dynamic adjustment and
improved decision making.

An example of cognitive technology is IBM Watson which finds its
application in various domains related to economy and business
(Marshall and Lambert, 2018; Sia et al., 2016). IBM Watson has been
used to solve business problems such as analyzing huge amounts of
customer and market related data for generating business insights (Sia
et al., 2016). It also finds its usage in making sense of wide variety of
big data to yield insights customized for specific problems such as
wealth management and creation of investment portfolio (Sia et al.,
2016). While the technology is finding increasing acceptance from
various verticals across business, it is being simultaneously enhanced in
terms of its functionality and computing abilities. Additionally, business
firms are experimenting in terms of deploying this technology in a wide
array of business spheres ranging from customer experience to global
data management. For instance, organizations are using cognitive
technology for direct interaction with customers and enhanced in-store
experience by embedding cognitive technology applications with cus-
tomers' smart-phone devices for in-store usage (Arthur, 2016). On a
wider level, it is being used to generate insights based on global data
about resources, markets and environmental conditions (Mital et al.,
2018; Segars, 2018).

Previous studies have explored the utility of IT based decision
support systems in organizational context and thus clearly establish the
fact that information processing support helps to reach better solutions
and decisions (Benitez et al., 2018; Chen and Lin, 2016; Joshi et al.,
2010). However, the existing and widely used decision support tools are
inadequate to capture the growing complexity and dynamism inherent
in present day business environment (Gupta et al., 2018). Cognitive
computing is fast emerging as an alternative to the existing data ana-
lytic and processing capabilities of the organization and can serve as an
effective business decision support (Gupta et al., 2018; Hernes, 2015;
Hurwitz et al., 2015). The role of cognitive technology in supporting
decision making has been explored in healthcare (Kohn et al., 2014;
Lee, 2014). However, there are limited studies that explore the role of

cognitive computing technology in an organizational context (Duan
et al., 2019; Gupta et al., 2018; Kliman and Arinze, 2019; Ogiela and
Ogiela, 2014). Inter-organizational collaboration or global partnerships
have a contextual distinction in terms of scope of operations and do-
main of decision making, thereby providing a novel ground to explore
the potential of cognitive technology in such a scenario. Hence, we
explore the potential of cognitive technology in supporting the ambi-
dextrous orientation of the organization having global strategic part-
nerships.

We use Organizational Information Processing Theory (Galbraith,
1974) as a theoretical basis to explore how cognitive computing tech-
nology can act as potential enabler of knowledge integration-based
collaborations with global strategic partnerships as a special case.

We further argue that cognitive computing capabilities can serve as
a basis for resource and capability leverage for facilitating ambi-
dexterity of incumbent organizations in respect of global strategic
partnerships. The article is sequentially structured starting with brief
literature review on the concepts of organizational ambidexterity,
global strategic partnerships and cognitive computing. The subsequent
sections list the research methodology and theoretical framework.
Emergent themes derived from thematic analyses of 20 semi-structured
interviews highlights major aspects associated with the usage of cog-
nitive systems. We then later discuss the results in light of the extant
literature and conclude with implications for theory and practice.

2. Research background

2.1. Organizational ambidexterity

Studies have noted that when firms operate in a stable environment,
they develop well defined and structured systems, hierarchies, roles and
responsibilities (Beck and Kieser, 2003). However, on the contrary, the
firms that face dynamic business environment develop systems that
have relatively less formalization, unstructured jobs and role defini-
tions, and a more flexible system of operational routines (Schreyögg
and Sydow, 2010). However, long term success of firms can only be
ensured if they adapt their strategic and structural orientation as per the
changing environmental and technological scenario (Tushman and
O'Reilly, 2002). Thus, organizations face a fundamental challenge of
optimally exploiting present market opportunities while simultaneously
exploring newer opportunities for future (Koryak et al., 2018; Tushman
and O'Reilly, 2002; Wilden et al., 2018). However, exploitation and
exploration are essentially divergent orientations involving distinct
resources and activities (Guisado-González et al., 2017; Penney et al.,
2018). While, the former is associated with continual improvements
and efficient implementation, the latter is linked to search for newer
alternatives, experimentation and discovery (Wilden et al., 2018). Thus,
firms differ in their strategic and structural orientation according to the
differences in their environment (Tushman and O'Reilly, 2002). It has
been established that organizations need to strike a balance between
the alignment and adaptability or exploitation and exploration or-
ientations of the firms (Benner and Tushman, 2003; Eisenhardt and
Martin, 2000; Tushman and O'Reilly, 2002). Hence, an ambidextrous
orientation is the way forward for both short and long term success.

Organizational ambidexterity is the co-existing orientation towards
pursuing incremental and radical innovation at the same time and a
provision for accommodating divergent structures and processes char-
acteristic of both (Guisado-González et al., 2017; Simsek, 2009;
Tushman and O'Reilly, 2002). It is seen as “an organization's ability to
be aligned and efficient in its management of today's business demands
while simultaneously being adaptive to changes in the environment”
(Raisch and Birkinshaw, 2008). Here, alignment is referred to collective
efforts and activities directed towards a common goal, while adapt-
ability is the flexibility to dynamically change and reconfigure tasks,
activities and efforts as per the changing environment (Simsek, 2009).
Ambidexterity in an organization is viewed at different levels such as
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structural, behavioral and realized levels (Simsek, 2009). Structural
ambidexterity operates at a sub unit level involving the creation of
distinct sub systems and structural units having unique competencies,
processes and organizational culture for meeting the current demands
of the market and exploring newer market opportunities (Benner and
Tushman, 2003; Simsek, 2009). Different functional sub units like
production and marketing & sales, are assigned either exploitative or
explorative functions depending upon market scenario. While the sub
units are operating with distinct orientations, they are still bounded
together by a universal strategic intent and values of the larger orga-
nization (Simsek, 2009).

Behavioral ambidexterity views the organization's capacity to con-
currently pursue alignment with the present market demands and
adaptability to generate and meet future market demand without ne-
cessarily having structurally separate units for the same (Gibson and
Birkinshaw, 2004). In such a case, the overall organizational culture is
supportive of employees looking out for both present and future busi-
ness opportunities. While structural and behavioral approaches are
explained as the processes to attain an ambidextrous orientation, a
realized view on ambidexterity explains a state of attainment of both
exploitative and explorative orientations where the firms are simulta-
neously aligning with the present goals and adapting for future en-
vironmental changes (Benner and Tushman, 2003; Simsek, 2009; Smith
and Tushman, 2005). Thus, it differs from the structural and behavioral
approach in terms of being an end rather than a means. Although or-
ganizational ambidexterity is seen by organizational scholars as an
approach for long term success, there is a need to understand the ways
to achieve such an orientation (Gupta et al., 2006). Since, access to
requisite information enables the exploration of potential opportunities
for the firm (Pavlou and El Sawy, 2006), it logically follows that in
order to attain a state of ambidexterity, knowledge integration and
sharing is crucial (Bresciani et al., 2016). Organizations have been
known to employ IT enabled capabilities to utilize organizational
knowledge for decision making (Benitez et al., 2018). Additionally,
such capabilities help to capture external market related information
which augments the existing organizational knowledge in form of up-
dates on industry, customers and market competition (Benitez et al.,
2018; Joshi et al., 2010; Natalicchio et al., 2018). Availability of
aforementioned information is necessary to deal with ongoing market
challenges and to explore future opportunities. Organizations are ben-
efitting from their IT capabilities in form of knowledge ambidexterity
(Benitez et al., 2018). Thus, an organization's ambidextrous orientation
is influenced by the information processing and analytic capabilities
and the resultant decision support these systems offers.

2.2. Global strategic partnerships

Harnessing the joint capabilities of two or more business organiza-
tions is instrumental in growth and expansion of current business op-
erations. The core principle of collaboration i.e. working together with
others for a common goal has widely been accepted in all economic and
social contexts (Le Pennec and Raufflet, 2018). In context of business,
collaboration helps to gain access to knowledge, resources and collec-
tive wisdom of two or more organizations (Ozman, 2006; Rathi et al.,
2014). This further helps in gaining sustainable growth along with
widening the operational horizons of business.

Inter-organizational collaboration helps to lower risk in the ex-
ploration of novel business avenues that may later be pursued if found
sustainable in the long run (Alexiev et al., 2016). Such a collaboration
leads to combination of both informational and knowledge resources
from across the two organizations to solve business problems which
may not be easy to tackle individually. As the contemporary era de-
mands sustainable solutions to wide array of business problems, colla-
boration assumes greater importance. Inter-organizational collabora-
tion can help to garner relevant resources and actors that can
collectively devise solutions for long-term sustainability (Vaccaro et al.,

2010). Thus, both organizations can mutually benefit and generate
value (Le Pennec and Raufflet, 2018). It also helps an organization to
manage environmental uncertainties and improve competitive ad-
vantage (Gutiérrez et al., 2016).

One such kind of inter-organizational collaboration is global stra-
tegic partnerships. It is characterized by the a) common long-term
strategy of two or more organizations, b) reciprocal relationship of two
organizations, c) global efforts and span of activity of the partners, d)
horizontal level relationship as opposed to vertical level relationship, e)
preservation of national and ideological identities (Perlmutter and
Heenan, 1986). Global strategic partnerships are shifting the strategic
focus from firm level to transnational collaborators (Del Giudice et al.,
2017; Konsynski and Karimi, 2013). These partnerships are based on
collective ownership that ensures alignment in the actions of the two
partners who may work independently at an individual firm level
(Ostrom, 2000). Technical know-how is the most crucial resource in the
present-day technology-driven industry. In this fast-changing world, a
stronghold on the technical skills and knowledge drives firm perfor-
mance. These technology driven industries are process oriented where
continuous process improvements are crucial for success and long-term
survival. Although large organizations spend a major amount of orga-
nizational resources on research and development, there are instances
when inherent structural and cultural inflexibility renders delay in
adoption of certain innovations (Oliva et al., 2019; Schneckenberg
et al., 2015; Schreyögg and Sydow, 2010). In such a case, there is a need
to look for solutions and technological innovations outside the orga-
nizational boundaries (Brettel and Cleven, 2011).

Global partnerships and alliances enable faster access to technolo-
gical innovations and know-how with relatively lesser cost (Leischnig
et al., 2014). Such arrangements are beneficial as they are more flexible
and feasible than irreversible coalitions like mergers. While the two
organizations can mutually benefit from collective resources and
wisdom, each tends to retain its individuality. Both the organizations
are a part of the larger network having mutual complementarities.
Recombination of both explicit and tacit knowledge from both the or-
ganizations creates a ground for novel ideas and business innovation
(Brettel and Cleven, 2011). Oftentimes, certain business and technolo-
gical tasks involving high levels of tacit knowledge are difficult to re-
plicate and the skills needed to perform them are difficult to document
or codify (Bi et al., 2017; Schneckenberg et al., 2015). In such cases,
partnerships are the most convenient and suitable way for ensuring fast
and timely access to the requisite know-how and tacit knowledge.
Global partnerships can make way for access to tacit knowledge that is
otherwise difficult to codify. As mentioned before, information pro-
cessing and analytic capabilities aid organizations in terms of facil-
itating and influencing decisions. Collaborative and integrated models
for decisions support are known to be crucial for success of any inter-
national collaboration (Costa et al., 2016). Complementary and in-
tegrated collaborative systems yield increased performance in an inter-
organizational context (Nicolaou, 2011). These collaborative informa-
tion and decision support systems serve the crucial aspect of knowledge
sharing and integration requisite for the enhanced performance of
global strategic partnerships.

2.3. Cognitive computing

Organizations that operate in a complex, ambiguous and uncertain
environment always seek multi-dimensional information. A cognitive
approach to managerial decision making considers the role of person's
affective and motivational state and accounts for self-referent factors
(Dominici et al., 2017; Wood and Bandura, 1989). Similarly, the con-
cept of cognitive computing is inspired by the cognitive capabilities of
human mind. It is based on the premise of having a unified computing
platform that can mimic human cognitive abilities. Cognitive com-
puting technology aims to coherently combine all functionalities
available across segregated and independent computing platforms
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(Modha et al., 2011). It offers mass storage facilities for structured and
semi-structured data with large processing capabilities (Williams,
2016). Cognitive computing uses machine learning, artificial in-
telligence big data, Internet of things and natural language processing
functionalities to comprehensively derive solutions to complex pro-
blems. It has the capability to process a wide array of data from variety
of sources to generate relevant business insights. This technology has
functionalities to retain and re-direct previous learning into the system
along with integrating it with current contextual peculiarities faced by
the firm (Gupta et al., 2018). Learning ability of the system allows for a
constant build up of both current and archival data. The system is
programmed to develop and analyze hypothesis for problem at hand
which is tested against the vast repository of data resources making
combined use of the learning, analytical and predictive functionalities.

Cognitive computing can store the metadata such as the details of
entities present in the data, the keywords and language used. Such in-
formation becomes useful for solving traditional queries and to abstract
and synthesize relevant information from a vast repository of structured
and semi-structured data (Williams, 2016). While cognitive computing
initially found significant application as a decision support in the areas
of healthcare (Chen et al., 2016; Kohn et al., 2014; Lee, 2014), it is
increasingly finding acceptance as an unprecedented business decision
making tool (Gupta et al., 2018; Hernes, 2015; Hurwitz et al., 2015).
Cognitive computing functionalities can be utilized to process big data
in order to generate business specific insights (Gupta et al., 2018). Thus,
it can effectively serve as a decision support for both operational and
strategic decision (Hernes, 2015). Cognitive computing can have po-
tential applications in analyzing consumer, financial and investment
data along with analyzing socio-economic environmental data directly
or indirectly affecting business operations. It facilitates enhanced data
processing capabilities that can aid business decisions by means of
providing a greater number of alternative solutions and enhanced data
processing speed. Cognitive computing also accounts for relevant un-
structured data while processing enabling its integration into business
decision making, which is otherwise difficult to comprehend by tradi-
tional decision support systems (Williams, 2016). Leading corporate
organizations have already started reaping the benefit of cognitive
computing technologies in business decision making aimed at effective
and efficient problem resolution, enhanced productivity and generation
of higher revenues (D'Onofrio et al., 2018).

3. Theoretical framework

We have utilized Organizational Information processing theory
(OIPT) (Galbraith, 1973) as the overarching theoretical framework in
the present study. It takes into consideration organizational level needs
for information processing with a focus on structural procedures to
manage informational flows in uncertain environments (Galbraith,
1974). Additionally, it views information and its management as a
crucial factor contributing to organizational performance. OIPT theory
proposed that organizations should have requisite information proces-
sing capabilities in form of mechanisms, procedures and practices to
meet the routine information processing needs of the organization
along with dealing with uncertainty arising out of unexpected events in
the environment (Galbraith, 1974). Information exchange is vital for
fulfilling variety of tasks in an organization (Zhou and Benton Jr, 2007)
and information processing capabilities attain greater significance in
the case of increased levels of uncertainty (gap between the desired and
current levels of information) (Galbraith, 1974). Hence OIPT lays em-
phasis on establishing firm wide comprehensive mechanisms to ensure
availability and processing of relevant information for decision making
(Daft and Lengel, 1986). Such mechanisms make a firm capable of
analyzing the information in context of its current operations as well as
future growth and development (Veldhuizen et al., 2006). Thus, OIPT
establishes a need for match between information processing needs and
capabilities for any firm. However, apart from intra-organizational

context, the concept can be applied to inter-organizational context as
well (Kroh et al., 2018).

According to OIPT, an organization can deal with varying degrees of
uncertainty by applying different strategies. Conditions of low un-
certainty call for lower information processing needs. In such a case,
organizations can establish rules and programs, clear vertical hier-
archies and target/goal-based coordination (Galbraith, 1974). How-
ever, high uncertainty involves greater levels of information processing
needs. The management of this scenario requires either a reduction of
information processing needs or enhancement in informational pro-
cessing capabilities. The former can be achieved by creation of “slack
resources and self-contained tasks” while the latter can be attained by
employing adequate information systems and establishing “lateral re-
lations” (Galbraith, 1973). As discussed in preceding sections, organi-
zational ambidexterity involves an alignment to the present goals and
objectives along with a simultaneous adaptation to include more novel
strategies and business opportunities (Tushman and O'Reilly, 2002).
These two orientations entail different information processing needs
with the former characterized by conditions of low and the latter with
high level of uncertainty.

Since, favorable organizational performance depends upon the fit
between information processing needs and capabilities (Fairbank et al.,
2006), we designed the study to include the major perceived challenges
in respect of information and knowledge aspects faced by organizations
as they strive to achieve operational and strategic performance goals.
Information technology acts as a structural mechanism to augment the
existing information processing capabilities of the firm by enhancing
the nature, scope and amount of information that is processed (Ben-
Arieh and Pollatscheck, 2002; Del Giudice et al., 2018a, 2018b) apart
from enhancing the ambidextrous orientation of the firm (Soto-Acosta
et al., 2018). We, thus, explore the potential impact of cognitive com-
puting technology in augmenting the traditional information processing
capabilities. Additionally, uncertainty can be managed by engaging into
mutual relationships with external parties in terms of long-term con-
tracts or coalitions (Galbraith, 1974; Fairbank et al., 2006). We, thus,
further juxtapose the concept of organizational ambidexterity with
global strategic partnership as a potential mode of entering into novel
and unexplored areas while still maintaining a stronghold on its core
competencies. Access to relevant information and knowledge integra-
tion enables better understanding of unexplored market and technolo-
gical scenarios (Borrás and Edquist, 2013; Sedighi et al., 2016) espe-
cially in case of strategic partnerships (Beaugency et al., 2015; Zoo
et al., 2017).

Thus, it logically follows that enhanced information processing and
analytical capabilities will have a significant impact on the formation
and sustenance of such partnerships. Hence, the study has explored the
perception of executives about various issues, opportunities and chal-
lenges that cognitive computing technology can offer for ambidextrous
organization opting for global strategic partnerships.

4. Research methods

The study is primarily aimed to know how cognitive computing
technology can aid in achieving ambidextrous orientation in organi-
zations in the context of global strategic partnerships. We adopted a
qualitative mode of enquiry using a semi-structured interview tech-
nique. The questions were structured around the issues in current de-
cision support systems and perceived usability of cognitive computing
technology in the context of global strategic partnerships. The quali-
tative nature of this research aims to uncover potential issues and as-
pects associated with usage of cognitive computing technology in an
inter-organization collaboration context. Detailed responses help in
understanding the phenomenon inductively and to observe the inter-
play of different concepts. Such research is exploratory and not ex-
planatory (establishing relational causations) (Crouch and McKenzie,
2006). The relatively flexible approach is well suited for generating
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insights into phenomenon for which there is little prior research. Hence,
smaller samples that range from 15 to 20 allow for a close association
between researcher and respondent thereby enabling in-depth insights
into a phenomenon (Crouch and McKenzie, 2006; Robinson, 2014).
Thus, as per the given guidelines, we interviewed 20 executives who are
working in major business organizations in UAE. These executives oc-
cupy key positions in the organization with decision making powers in
the firm. Furthermore, the number of executives selected was in ac-
cordance with the sample size guidelines for qualitative studies (Crouch
and McKenzie, 2006; Lincoln and Guba, 1985; Mason, 2010; Robinson,
2014). Our sample size of 20 executives also falls within the minimum
acceptable sample range for qualitative studies (15 being the minimum
acceptable sample) (Guest et al., 2006 as cited in Mason, 2010). The
executives who participated are holding key positions and are eligible
to provide firm and industry specific insights about the potential role of
cognitive computing technology in facilitating ambidextrous orienta-
tion of the organization having global strategic partnerships.

Thematic analyses were used to identify emergent themes from the
data (Braun and Clarke, 2006). The process involves inductive theory
generation from qualitative data (Fereday and Muir-Cochrane, 2006).
Data patterns are identified and coded for analysis and for bringing out
major themes. These themes are then logically linked together for the
formation of major categories (Braun and Clarke, 2006). UAE is one of
the world's top 20 countries in respect of ease of doing business (Doing
Business Report, 2018). The country hosts a large number of multi-
nationals and has collaboration with international bodies for business
partnerships (“UAE-US Partnerships,” n.d.). UAE is fast developing its
industrial base focusing on economic diversification aimed at posi-
tioning the country as a major global trade hub (“Best countries for
Business,” 2018). Since UAE provides very conducive conditions for
fostering international collaborations on technology and business front,
we considered it as a relevant and suitable context to explore potential
interplay of ambidextrous orientation and global partnerships.

The demographic details of the respondents are listed in three dif-
ferent tables. Their age and education qualification is listed in Table 1.
The work experience of the respondents is shown in Table 2 which is
followed by the details of their role in the organization in Table 3. The
semi structured interview schedule with indicative questions (Binder
and Edwards, 2010; Malhotra and Grover, 1998) is also included as
Appendix A. We have maintained the anonymity of the respondents and
hence their identity has been masked. They are referred to as R1 to R20.

The research findings are supported by relevant literature from
various academic journals articles, industry white papers and other
archival resources. This is done with an aim of triangulating the re-
search findings through the use of multitude of data sources to ensure
their reliability and validity (Voss, 2010). Triangulation is a crucial
technique that helps in eliminating researcher's bias by taking into
account data from a variety of sources to ensure rigor and richness of
research findings (Eisenhardt, 1989; Flick, 2007; Yin, 2004). Usage of
data from different sources makes the study more comprehensive and
increases reliability of research results (Jonsen and Jehn, 2009). Fig. 1
summarizes the details of research methodology.

5. Findings

Qualitative data was analyzed to generate sub themes and major
themes which are explained in the sub-sections below. Tables 4 and 5
illustrate the process of thematic analysis.

5.1. Critical gaps in the traditional decision support systems

In order to understand the operational level challenges with the
traditional decision support systems, we asked our respondents about
the various issues they face while working with these traditional sys-
tems. Respondents noted that existing decision support systems were
having many critical gaps that surface during real time decision
making. The key challenges that our respondents noted are listed
below.

5.1.1. Informational delay
Respondents noted that one of the biggest difficulties while working

with traditional systems is that of delay in getting the requisite in-
formation. Since the system works on delivering accurate information
at the right time, any error on this account will directly affect the de-
cision-making process. Although this informational delay is beyond the
technical purview of the data processing functionalities, it still affects
the larger decision support system. Respondent R5 noted, “One of the
biggest challenges is not receiving accurate information. Sometimes the in-
formation is delivered so late that it really costs us in terms of badly affecting
the schedule especially in case of fast track projects. Also, it decreases the
productivity of my team.” Hence, informational delays not only nega-
tively affect the efficiency and effectiveness of decision making but also
costs organizations in terms of reducing employee productivity.

5.1.2. Lack of comprehensive analysis
Traditional systems operate according to set of pre-defined rules

(Chen and Lee, 2003). These systems are programmed to account for
defined roles and domain specific information for data analysis. How-
ever, our respondents noted that traditional systems at times are in-
consistent with the structural and operational routines of the incumbent
organization. As one of the respondents R10, noted that, “The linkage of
business rules and specific domain knowledge with the system is lacking in
most of the systems.” Traditional systems account for structured data that
is highly organized and seamlessly accessible. However, our re-
spondents noted that there are instances when they are faced with
unanticipated circumstances that require access to information that is
not a part of available database. Such scenarios are not adequately
considered in traditional decision support systems. As one of the re-
spondents R15 noted that, “Sometimes there is a lack of old data…often
times, there are unforeseen circumstances and disruptions which are not
considered in the present system we are using.” A similar observation was
made by another respondent (R8), “As for the Data-Driven DSS, some-
times when there is a new project or task that has several options that we
must choose from, is not available in the database, mostly because it is the
first time the company is required to work on such a project or task. This

Table 1
Age group of the respondents and their educational qualifications.

Age group Educational qualification Total

Graduate Post-graduate PhD

20–30 2 2 – 4
31–40 1 9 2 12
41–50 1 3 – 4
Total 4 14 2 20

Table 2
Number of employees in the company/institution and their work-experience.

Number of employees
in company/
institution

Total work experience Total

1–3 years 3–5 years 5–10 years More than
10 years

10–50 – – – 1 1
50–300 – – 1 2 3
300–500 – – – 1 1
500–1000 1 – 1 – 2
More than 1000 – 2 3 8 13
Total 1 2 5 12 20
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means that more research has to be done through other methods to get en-
ough data to be able to make a decision.”

5.2. Cognitive computing based knowledge integration and sharing in
context of global strategic partnerships

Informational delays and lack of comprehensive analytical abilities
can substantially affect decision making in an organization. This affect
can be even more significant in case of global partnerships which may
present unanticipated scenarios and highly unstructured information
environment. Our respondents noted that emerging technological de-
velopments like cognitive computing can be useful in such cases in the
following ways:

5.2.1. Comprehensive insights
Our respondents noted that cognitive computing technology can be

instrumental in achieving comprehensive insights based on variety of
unstructured and structured data. Unlike the traditional system which
has predefined logics, cognitive systems based on advanced analytical
and learning capabilities can help uncover newer areas for exploration
of business opportunities. As one of the respondents R14 noted that,
“Having a strategic partnership with a company which has cognitive com-
puting based technology can be really helpful…such an alliance will bring
together resources and shared wisdom. All this combined with novel insights
uncovered by cognitive technology can be immensely useful to explore new
and different business opportunities.” Another respondent R17 noted that,
“Cognitive computing can explore various patterns that we (human analysts)
cannot identify by analyzing the data. This technology can ensure that our
strategic decisions like exploration of newer markets are well informed.”

5.2.2. Continual learning
Our respondents noted that organizations can leverage learning and

analytical abilities of cognitive computing technology to assist decision
making in unstructured and dynamic environments in which global
strategic partnerships operate. Continual learning is an important
antecedent for innovation and sustainable long-term performance
(Giuliani and Bell, 2005). Cognitive computing technology involves the
functionalities of machine learning and artificial intelligence combined
with language processing. Thus, the system ‘continually learns’ and
bases future interpretations taking into account previous results (Gupta
et al., 2018; Williams, 2016). Our respondents considered this continual
learning ability useful for ensuring a comprehensive analysis of the
information available from both the organizations. The insights derived
in one scenario can be utilized to generate even richer insights for
subsequent scenarios. Respondent R5 made an observation in this re-
gard and told that, “If one area of company has been improved due to use
of cognitive computing, then other areas could benefit from the same activity
and use the insights available to future improvements.” Similar was the
observation of another respondent R12, “Global partnerships lead to
sharing of all the main issues, lessons learned and success stories among the
partner. Cognitive computing can help to derive interpretations based on this
shared knowledge.”

5.2.3. Task based knowledge integration
Cognitive computing technology can be useful for combining spe-

cific information from a variety of sources (Williams, 2016). The or-
ganizations can utilize this functionality of cognitive computing to in-
tegrate specialized knowledge available with the organizations and to
derive relevant task specific interpretations. This is evident by the ob-
servations made by one of the respondents R7, “A smart cognitive com-
puting system will be able to merge the knowledge data bases and experiences

Table 3
Domain of the work of the respondents and their role in the company/institution.

Domain of your work Role in company/institution Total

Consultant Director/CXO/Founder Engineer Manager/Sr. Manager

Banking/insurance/financial services – – – 1 1
Construction/real estate/infrastructure – – 1 1 2
Consulting – – 1 – 1
Government 1 1 1 6 9
Human resource (HR) – – – 1 1
Manufacturing – – 3 2 5
Transport/aviation – – – 1 1
Total 1 1 6 12 20

Primary Data 
Collection

Generation of 
major themes

Generation of sub 
-themes

Coding for first 
order codes

Implications 
for theory 

and practice 

Thematic Analysis
Abstraction for 

Insights 

Major themes

Extant literature

Semi-
structured 
interview

Fig. 1. Illustration of steps followed in qualitative data collection and thematic analysis.
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from all parties; and with that the system will be able to provide decisions
more clearly and more beneficial, in addition to being able to cover a wider
range of knowledge area that the companies alone didn't have sufficient data
about.” Similarly, respondent R9 noted that, “Unfortunately many global
partnerships are dealing with the challenge of knowledge integration as there
are budget related problems. Cognitive computing can be utilized to bridge
the gap of knowledge integration, but the acceptance is low at the moment.”

5.3. Cognitive computing capabilities as basis for ambidextrous orientation

Ambidextrous organizations have a dual orientation of exploitation
of current business opportunities and exploration for newer business
and market avenues. Since business involves decision making at every
step, adequate information can yield suitable alternatives to make an
informed choice. Our respondents have observed that cognitive com-
puting can help to integrate information and knowledge required for
both operational (exploit) decisions and strategic (explore) decisions.

5.3.1. Potential support for operational decisions
Our respondents perceived that inclusion of cognitive computing in

place of traditional decision support systems can help deriving insights
which can lead to formulation of more efficient and effective solutions
to routine operational issues. Respondent R1 noted that, “In my opinion
it will be mostly helpful in making low risk decisions that are made daily like
checking for the best supplier to go with, based on the available budget,
required quality, and project duration.” Another respondent R11 noted

that, “Sometimes even if there are other suppliers and sub-contractors who
might be able to bring higher profit to company, the company goes with the
same suppliers and sub-contractors, just because they don't want to risk
dealing with new companies. But a cognitive computing aid system might be
able to show that it is better for the company if the suppliers and sub-con-
tractors were changed.” Respondent R19 noted that cognitive computing
can help in keeping projects on track by analyzing real time data. He
made an observation that, “It can collect accurate and large data from
several processes and inputs in operation in short time along with real time
data which can help decision makers. In project, it can help controlling of the
schedule and cost especially with accurate data of the construction activities
and monitoring the spending.”

5.3.2. Potential support for strategic decisions
Cognitive computing functionalities can be utilized to uncover fu-

ture possibilities by analysis of huge amount of market and technolo-
gical data available outside the organizational boundaries along with
data about internal processes and capabilities. Our respondents made
similar observations. Respondent R17 stated that, “It accelerates, en-
hances human expertise. It can derive deeper insights with employees, bridge
gaps between insights and innovations. It can understand people better. It
can improve communication and solve business challenges.” Another re-
spondent R18 noted that, “There is a lot of data that is generated in my
organization and we are not capable of handling and analyzing this data.
Cognitive computing can analyze all kinds of data so that my company can
possibly explore new potential business opportunities.” Similarly, re-
spondent R10 noted that, “Cognitive computing can help in integrating
different data types in the planning process while allowing the system to
identify and analyze the association within the data at faster pace. It elim-
inates human bias. It uncovers multiple innovative opportunities across or-
ganizations.” Organizations can leverage the insights generated by
cognitive computing to explore opportunities that may then be pursued
by means of strategic alliance in form of global strategic partnerships.

5.4. Cognitive computing: adoption challenges

While cognitive computing has many potential benefits, there are
some pertinent issues in respect of its adoption. A few of these issues
highlighted by our respondents include concerns about data security,
resistance to change and considerably high costs of implementation.

Table 4
Generation of initial codes from primary data.

S.no. Extract from primary data Initial codes

1. “One of the biggest challenges is not receiving accurate information. Sometimes the information is delivered so late
that it really costs us in terms of badly affecting the schedule especially in case of fast track projects. Also, it
decreases the productivity of my team.” (R5)

Lack of requisite information
Informational delays
Effects productivity

2. “It can collect accurate and large data from several processes and inputs in operation in short time along with real
time data which can help decision makers.” (R19)

(Cognitive computing) capability to handle large
data sets
(Cognitive computing) capability to handle real time
data
Support for decision making

3. “In my opinion one of the shortcomings of a cognitive computing technology will be the ability to understand
relationships between the organization and the other organizations. An example of that might be a trust
relationship between our construction company and a client. Sometimes we decide to go with a decision that on
paper seems to be bad, but it is done to keep a good relationship with the client, as sometimes they are also willing
to lose some profit to keep the relationship between both organizations.” (R9)

System's lack of understanding of trust and client
relationship issues
Decision made on the basis of trust and prior
relationship
Client relationships as important consideration

4. “A smart cognitive computing system will be able to merge the knowledge data bases and experiences from all
parties; and with that the system will be able to provide decisions more clearly and more beneficial, in addition to
being able to cover a wider range of knowledge area that the companies alone didn't have sufficient data about.”
(R7)

Wide range of information as input
Perceived usability in terms of decision support
Shared information in case of partnerships.

5. “As for the Data-Driven DSS, sometimes when there is a new project or task that has several options that we must
choose from, is not available in the database, mostly because it is the first time the company is required to work on
such a project or task. This means that more research has to be done through other methods to get enough data to
be able to make a decision.” (R8)

Inadequacy of information in existing decision
support system
Historical data rendered useless for novel scenarios
Research based information support.

Table 5
Generation of final themes by combining sub-themes.

Sub-themes Final themes

Informational delay Critical gaps in the traditional decision
support systemsLack of comprehensive analysis

Comprehensive insights Cognitive computing based knowledge
integration and sharing in context of global

strategic partnerships
Continual learning

Task based knowledge
integration

Potential support for operational
decisions

Cognitive computing capabilities as basis for
ambidextrous orientation

Potential support for strategic
decisions

Resistance to change Cognitive computing adoption challenges
Non-inclusion of tacit knowledge

High investment
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5.4.1. Resistance to change
Every technological change entails resistance on the part of em-

ployees. Respondents expressed concerns over the possibility of re-
placement of human analysts and subsequent unemployment along
with lack of sufficient technological skills as a major reason for po-
tential resistance. As R11 noted that, “Old employees may not find it
comfortable to work with a new technology. The change in technological
developments is so fast…it has become difficult even for corporations to keep
up with the pace.” Another respondent R17 made a similar observation,
“Acceptance by the user of CC systems is going to be a major challenge.
Technology is being developed at a fast pace, but the skills of the employees
are not upgraded with this pace. Thus, acceptance and ease of use of such
systems will be an issue from the soft side of the work. At the same time,
physical infrastructure to handle smooth functioning of CC based systems is
a challenge now. The technological expertise both in terms of software and
hardware in this field varies from country to country and company to
company.”

5.4.2. Non-inclusion of tacit knowledge
Decision support systems provide analytical support for yielding

several possible alternatives for choice. While the systems can support
information aggregation and analysis, the final decision rests with the
executives who also exercise judgment and intuition while making the
final decision (Fahimnia, 2018). Thus, there is an important role of tacit
considerations, which are not fully accounted by decision support sys-
tems. Cognitive systems can include a lot of unstructured input for in-
terpretation; however, our respondents perceived that it might not still
be adequate to represent softer issues like trust. Respondent R9 high-
lighted that, “In my opinion one of the shortcomings of a cognitive com-
puting technology will be the ability to understand relationships between the
organization and the other organizations. An example of that might be a
trust relationship between our construction company and a client. Sometimes
we decide to go with a decision that on paper seems to be bad, but it is done
to keep a good relationship with the client, as sometimes they are also willing
to lose some profit to keep the relationship between both organizations.”

5.4.3. High investment
Majority of respondents expressed concerns over the high invest-

ment costs involved in adopting this technology. As the technology is
still evolving, most of the respondents told that this technology may
add up to costs in terms of infrastructural costs, human resources de-
ployment, regular skill enhancements and organization wide re-
configurations. In the words of respondent R12, “There is no doubt that
cognitive technology has the potential to offer a lot of advantages for or-
ganizations. But, in my opinion there will huge investment costs associated
with adoption of this technology.” Another respondent (R13) noted that
adoption of this technology will increase employee training and re-
tention costs, “Availability of manpower to handle such systems is a chal-
lenge and then to retain the same manpower. In addition, it is going to be
crucial to ensure that the work force should be exposed to regular training so
that they are not outdated. All these involve more costs to the company.”

6. Discussion

The preceding sections highlighted some major aspects in context of
present study. The perceived gaps in respect of usage of traditional
decision support systems point to growing need for shift to more ad-
vanced and sophisticated technological solutions. Technology does not
operate in isolation and needs a holistic system to be operational with a
collective aim to achieve organizational goals (Demetis and Lee, 2017).
Studies have shown that traditional decision support systems are
growing obsolete in wake of changing nature of data and advancement
in analytical technique (Hou, 2012; Brooks et al., 2015). Growing
complexity of business environment has rendered these systems as in-
adequate in processing a host of dynamic variables having a direct or
indirect effect on the organizational operations (Edge et al., 2018;

Richards et al., 2017). We have found similar results in respect of issues
in usage of traditional systems. Lack of adequate information for pro-
cessing will render the system ineffective. Additionally, lack of com-
prehensive analysis by traditional systems is another crucial aspect that
points to the need for improved and inclusive analytical system.

Although big data and predictive analytics have opened a plethora
of data processing capabilities, cognitive systems surpass their func-
tionalities in terms of nature, extent and range of data they process and
interpret (Gupta et al., 2018). Thus, an explicit need for an improved
system paves the way for exploring the perceived usability of cognitive
systems. Additionally, as it is known that organizations face the chal-
lenge of informational inadequacy and lack of functional ability to
foresee future opportunities (Heger and Rohrbeck, 2012; Zhu and
Porter, 2002), any technology that bridges this knowledge gap can
become an enabler for fostering ambidextrous orientation. As discussed,
cognitive systems can provide decision alternatives relevant for routine
operational decisions as well as insights for exploration of a novel field.
While the present systems can augment strategic planning by fore-
casting trends, cognitive system hold the potential for uncovering
newer areas that may be completely unexpected and unexplored (Gupta
et al., 2018). Thus, the system holds promise in terms of much needed
knowledge synthesis that can closely relate to human decision making.
Such functionality can provide an organization with sufficient level of
informational and analytical advantage in order to augment its routine
and strategic operations. Hence, we find that cognitive computing is a
potential enabler for organizational ambidexterity.

While cognitive computing based analysis can lead to possible
avenues for exploration, the organization may not be able to devote its
own resources to its execution because of structural and functional
inflexibilities (Heracleous et al., 2017). However, one of the most
pursued routes for expanding the organizational stream of operations is
strategic alliance or partnerships. Global strategic partnerships help to
access the innovation and technological development of partner orga-
nization without changing much of its present structure (Ostrom,
2000). Although the two organizations retain their individuality, they
are bound together by a collective vision. Cognitive computing tech-
nology can benefit both the organizations by its capabilities to integrate
the shared information and knowledge resources. As previously dis-
cussed in Findings section, the comprehensive analysis of information
can yield insights that can further augment the joint resources and
collective expertise in context of global strategic partnerships. The two
organizations not only differ in terms of their operational focus but also
in terms of culture and regional distinctions (Gomes et al., 2016).
Crafting a joint strategy for future operations would require a con-
sideration of these differences. Cognitive systems are perceived to be
useful in such a scenario as they can take into account multitude of
unstructured and structured information for deriving insights that can
improve the chances of successful long-term decisions (Williams, 2016).

Additionally, the continual learning abilities have been perceived to
reduce the chances of repetitive mistakes and to take the decisional
orientation of organization into account while giving future inter-
pretations. This offers an opportunity for both the partner organizations
to arrive at consensual decisions more often, thus saving on time and
resources (Vendrell-Herrero et al., 2018). Task oriented knowledge
integration is perceived to lessen the cognitive load of executives
thereby allowing them to focus attention on tacit aspects like re-
lationship management, building trust or skill improvements. Thus,
cognitive computing has a lot to offer in terms of increased access to
relevant insights offered through sophisticated information processing
and analytical techniques. The results of the study have been collec-
tively represented in a conceptual model shown in Fig. 2. The figure
highlights the informational flows and presents a logical sequence of
the various concepts in action. Beginning from structured and un-
structured data the sequential flow leads to business insights and fur-
ther to analytical support for ambidextrous orientation. A backward
loop highlights the continual learning ability of the organization.
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Although cognitive computing has its own advantages, there are
some major concerns in its adoption at a wider scale. Technological
changes come at a cost (Amankwah-Amoah, 2017). However, adoption
decisions take into account long-term benefits as well. As highlighted in
the findings, high costs of investments are a major issue. However, costs
can be lowered by engaging into alliances and partnerships with or-
ganizations. Additionally, the aspect of non-inclusion of tacit knowl-
edge can be managed by holistically taking into account managerial
intuition and experience while selecting the alternatives.

7. Implications

7.1. Implications for theory

Cognitive computing has a lot of potential for managing the growing
informational complexity of the present business environment. The
study highlighted the major issues and concerns in respect of perceived
usability of cognitive computing technology in context of organizations
having global operations. It presents an opportunity for academicians
working in the domain of organizational and technology related re-
search to consider the mutual impact of the organization wide strategic
orientation and technology potentialities, in general, with an under-
standing of potential impact of cognitive computing as a facilitator of
long-term sustainable growth, in particular. Since, cognitive computing
technologies are in the initial phase of adoption, the present study
contributes in terms of bringing forth perceived challenges and issues in
the process of transition from traditional systems to cognitive com-
puting technology. Moreover, the unique context of organizational
ambidexterity and global strategic partnerships makes an interesting
backdrop for exploring the potential of such technologies. The study
contributes to the organization and innovation literature in terms of
stating the potential benefits of embedding cognitive computing tech-
nology as a part of larger decision-making system in the firm. Hence, it
advances an understanding of how a technological change can drive a
change in operational orientation of the firm. Thus, it holds

implications for scholars engaged in the study of firm level technology
induced changes. From the perspective of technology studies, it gives an
indication of how the introduction of cognitive technology can extend
the existing information processing capabilities of a firm. Additionally,
it furthers an understanding of organizational ambidexterity from the
lens of organizational information processing theory.

7.2. Implications for practice

Cognitive technology can support the informational requirements
for strategic alliances such as global strategic partnerships and can
make way for exploration of novel business avenues. The study has
implications for managers as it provides a broader framework for un-
derstanding the interplay and relationship of cognitive technology in
the context of global strategic partnerships along with providing an
understanding about the potential role it can play in creating enabling
conditions for fostering ambidexterity in organizations. Managers can
derive practical insights about the potential benefits of adopting such a
technology. Since, this technology is relatively new and evolving, such
insights can prove useful for organization level strategies for its adop-
tion. An understanding about the potential of cognitive technology to
affect the operational and strategic decisions provides a ground for the
managers and executives to consider the shift towards cognitive tech-
nology. Aspects such as task-based knowledge integration and continual
learning abilities are very relevant to the contemporary business con-
text and point to the utility of adopting cognitive computing technology
for business operations. This can have direct implications on the firm
performance in the long run. A synergistic combination of two firms in
case of global partnership is of strategic importance to both the firms.
The study presents managers and executives with an understanding of
how cognitive technology can create grounds for a meaningful en-
gagement in such an arrangement. The study has highlighted how
cognitive systems account for continual learning which well aligns with
the need for organizational learning. Hence, it holds implications in
respect of understanding how cognitive technology can help in

Fig. 2. Holistic conceptualization of cognitive computing enabled organizational ambidextrous orientation in context of global strategic partnerships.
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simplification and better management of organizational knowledge.

8. Limitations and future scope of research

We acknowledge the conceptual and exploratory nature of the
present study. The study represents a more contextualized scenario
which further needs empirical support for generalizable results. Global
strategic partnerships presented a rich context for emergence of key
aspects associated with potential of cognitive technology in case of
inter-organizational collaborations. Although the context had its own
specifics, it limited the scope of research to similar organizational level
alliances at a broader level. Future research can explore the potential of
cognitive technology in varied contexts spanning other functional pil-
lars of management such as production (product life cycles, production
scheduling), marketing (new product development, consumer senti-
ments, market disruptions), operations (Supply chain and logistics) and
finance (capital investment decisions, financial market sentiments).
Such research can look into various organizational and individual level
aspects of adoption namely, structural reconfigurations or changed
managerial role definitions. Additionally, empirical studies at a larger
scale can be conducted for ensuring its applicability to a wider scale and
scope. Such studies can aim to establish relationships among different
variables involved in its potentialities, adoption, implementation and
usage in varied contexts.

Appendix A. Semi-structured interview schedule used for
generating insights from respondents

1. What kind of decision support system you use for day-to-day func-
tioning?

2. What are the various challenges that you face with the current de-
cision support system?

3. In your opinion, what are the key decision areas that can be posi-
tively affected by the adoption of cognitive computing technology?

4. How can cognitive computing aid in the day-to-day business op-
erations and decision making of your organization?

5. How can cognitive computing augment the exploration of potential
business opportunities for your organization?

6. How can global strategic partnerships (like joint ventures and stra-
tegic alliances) help in exploration of new business opportunities?

7. How can cognitive computing be utilized for knowledge integration
in case of global strategic partnerships?

8. In your opinion, what are the major issues in respect of adopting the
emerging cognitive computing technology in place of traditional
analytics-based decision support systems?
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