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ABSTRACT
Breakthrough technologies can be considered as exponentially disruptive to organizations across
industries within the last few decades of the 21st century, as they have significantly altered the way
their business units or customers operate. Artificial Intelligence related cognitive technologies are
some of the latest disruptive solutions currently being adopted by organizations. Organizational
leaders may feel both the pressure and excitement of adopting such nascent technology quickly
and at scale. However, due to organizational knowledge gaps of nascent solutions, transformative
large-scale initiatives have a higher risk of negative impact on failure to implement. On the other
hand, an iterative approach allows for the implementation to occur in smaller amounts and leaves
room for incorporating feedback and lessons learned in future iterations, thus mitigating the risks
involved with the undertaking. This article breaks down the nascent field of advanced cognitive
technologies into three main categories based on their business use cases: process automation,
cognitive insights, and cognitive engagement. It then explores implementing this technology in
each of its three categories through the lens of a popular iterative product lifecycle management
approach (i.e., the Minimum Viable Product) to reduce the risk of failure or other negative impacts
on an organization adopting cognitive solutions.
Keywords: agile, artificial intelligence, breakthrough technology, business intelligence, business
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Iterative Minimum Viable Product Approach
to Implementing AI, RPA, and BI Solutions
The technology sector is innately
disruptive in nature (Flavin, 2021). It has
penetrated and accelerated change in almost all
industries globally. Breakthrough innovations
can create megatrends which drive the need for
large-scale adoption of new technologies,
processes, and governance models. Adoption of
transformational megatrends are important for
organizations to stay relevant and competitive in
permanently changing environments (Peciak,
2016). Furthermore, early adoption provides

these organizations with additional benefits and
competitive advantages. In the digital landscape,
machine learning and data analytics are
powering a wave of such groundbreaking
technologies. Companies are aiming to achieve
a competitive advantage in this new landscape
by implementing accurate predictive analytics
and workflow automation solutions, such as
Artificial Intelligence (AI), business intelligence
(BI) and robot process automation (RPA) (Wang
et al., 2021). However, these nascent
breakthrough technologies have their own risks.
In order to successfully reap the rewards of
these solutions, organizations must incorporate
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appropriate implementation strategies that
mitigate risks of failure.
In response to the growing pressures
and excitement in the market to adopt new
cognitive technologies, organizational leaders
should fight the urge to start their journey by
pursuing “moon shot” or ambitious projects, and
initially focus on “low hanging fruit” or simple
initiatives instead (Ries, 2019). Moon shot
projects are those of large scope with numerous
objectives that need to be met, paired with a
large budget, and possibly, multi-year delivery
timelines. Completing them comes with the
promise of grand rewards; however, chances of
failure are high when compared to iterative
approaches instead.
New technology may be implemented in
organizations in sequential or iterative ways
(Sumrell, 2007). Sequential approaches involve
intense periods of defining all the requirements
for a product, after which the solution is
designed, built, tested and then finally
implemented as a whole. Alternatively, an
iterative approach involves quick
implementation, testing, review, and updates of
small amounts of features (Njegus & Milanov,
2011). Such an approach implementing a
software development methodology is where the
development team initially focuses on creating a
simplified set of software features, which then
gains a larger set of features as it progressively
gains complexities until completion. There are
multiple tried and tested iterative methodologies
that drive the implementation of various
Information Technology initiatives across
industries, such as prototypes, pilot initiatives,
proof of concepts and fully functional minimum
viable products. However, a core component of
these methodologies involves a technical team
focused on building a set of pre-determined
features which will benefit the end consumers
(Denton, 2022). In the first iteration, end users
and the development team agree on program
scope. Lessons learned in the first iteration of
the product development are incorporated into
product features. This helps the development
team familiarize themselves with various
unknown aspects of a new technology in a lowrisk environment and enables end users to
adopt and incorporate the new technology into
their existing business and operational
processes with little friction or negative impact
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on the rest of their day-to-day activities
(Kennedy et al., 2018). One such concept of an
iterative approach is to create a Minimum Viable
Product (MVP). An MVP implementation is a
development technique used to create a fully
functional product with just enough features to
satisfy a group of early adopting customers, who
in turn, provide feedback for future iterations of
the project (Ries, 2019). In this article, we review
the implementation of new cognitive
technologies such as Artificial Intelligence and
robot process automation through the lens and
framework of the iterative MVP approach.
Implementation Approaches for Introducing
New Technology to an Organization
A popular sequential approach is the
waterfall methodology (Afshar et al., 2019).
Within this approach, requirements are clearly
identified in the beginning and a fixed plan of
implementation is incorporated. This fixed plan
includes several successive phases which are
not revisited once complete. In the beginning
phase, the organization collaborates with
business partners and end users. This is
followed by the development phase, which could
last weeks or months. Solution testing is
conducted after the entire product has been built
as per the pre-determined requirements. This
sequential approach is challenging for initiatives
that involve information discovery, which are
cyclical in nature. Without adequate feedback
from the end users over time, or testing while
building algorithms, the risk of failure is high. For
example, the lack of feedback throughout the
process may lead to additional functionalities
being built on foundationally weak solutions,
such as an impractical user interface or
unintentional outcomes from algorithms.
Popular iterative approaches to
implementing new cognitive solutions, such as
Agile and DevOps methodologies, aim to
mitigate some of these risks. The Agile project
management framework is an iterative approach
to developing new solutions by implementing a
small batch of features over time (Saltz &
Shamshurin, 2019). This allows for closer
collaboration between developers and end
users, leading to enhanced usability of the
features rolled out over time. Four core values of
the Agile framework are: 1) to prioritize
individual interactions over systems and

P a g e | 45

[Type here]
processes, 2) to create demonstrable working
software rather than robust documentation, 3) to
collaborate between developers and product
stakeholders over contract negotiations, and 4)
respond to change rather than following a rigid
plan. Within the Agile framework, developers
can quickly make adjustments to the solution by
incorporating feedback from users.
The Agile framework emphasizes
collaboration between the product management
team and the core development teams until all
features of the solution have been fully
completed (Blankenship et al., 2011). The
DevOps iterative framework extends this
collaborative environment by including the care,
feeding, monitoring, and tweaking of the
machine learning solutions. This means that in
addition to developing the product, the same
team continues to support ongoing upgrades
and maintenance of the product, even beyond
its successful implementation. This allows for
both development and product management
teams to create more mature models over time
with higher levels of accuracy (Sheil et al.,
2020).
One of the main reasons cognitive
machine learning and data science initiatives fail
is due to poor and unintuitive user interface
design choices, which reduces the richness and
efficacy of end user interactions (Lotte et al.,
2018). The waterfall methodology’s rigid,
sequential approach can be a hindrance to
understanding and mitigating the risks of failure
to implement appropriate and relevant user
interface solutions. User interface is the primary
factor out of the four core factors which need to
be considered to ensure a robust interface is
available for end users: the user, the task, the
computer system, and change over time (Vieira
et al., 2020).
The primary need is to understand the
variations amongst users, such as their roles,
backgrounds, and how they intend to use or
interact with the respective systems (Burnett,
2012). For example, a technical user with some
level of basic statistical knowledge may be
comfortable with raw statistical tables to obtain
insights. However, a user with a businesscentric leadership role may need visualizations
and other stimuli to provide the necessary
information they need to make decisions, such
as graphs that highlight core decision-making
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factors on the screen for them. They may need
to be guided throughout the user interface
through visuals, menus, or explanations to make
the appropriate decisions. Within cognitive
solution user interfaces, another challenge is not
only maintaining large inter-related data, but
also providing end users with intuitive
information retrieval abilities (Du et al., 2016).
The search features should empathize with the
users on how and when they want the
information available and presented to them.
These challenges can be overcome by
iteratively incorporating three design principles –
focusing on use cases (users and their
corresponding tasks), conducting an empirical
measurement of prototype designs (such as
what aspects are objectively proven to be helpful
to users versus what design decisions are
ignored or hamper the user experience), and
conducting revisions through a feedback loop
mechanism between end users and the
development team (Seybold, 2011). The
feedback loop mechanism, which is innately a
core principle of the iterative implementation
approach, will help maximize a shared
understanding of three main aspects of cognitive
enhancement solutions and their interactions
with end users: the main goals for the machine
learning/artificial intelligence model and solution,
the user population’s various characteristics,
and the nature of the use cases or tasks that
need to be accomplished (Gould & Lewis, 1985).
Breakdown of New Wave of Cognitive
Solutions into Three Categories
Examining new cognitive solutions
through the lens of business use cases enables
organizations to adopt an iterative strategy
focused on their business needs (Cross &
Fouse, 2005). Applied cognitive products can be
broken down into three main categories based
on the respective business needs they support:
process automation, analytical insights, and
cognitive engagement.
Process automation involves the
automation of digital and physical tasks (e.g.,
financial spreadsheets, administrative backoffice tasks such as file record arrangements).
Examples of such automation tasks include
creating "macros” within Microsoft Excel
spreadsheets, which are a set of recorded
actions that can be manually re-run by the end-
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users in the future (Fleishman-Mayer et al.,
2013). However, RPA provides certain
advancements over such previously existing
business process automation solutions by
having “robots” directly replicate pre-recorded
human inputs and compile information from
various source systems (Januszewski et al.,
2021). They are automatically triggered based
on a dynamic set of parameters. It can also
include doing a sequence of tasks in multiple
different applications, with little to no human
intervention. For example, RPA tasks may
include compiling data from various messages,
emails, and other call center record systems,
such as updates to customer addresses, and
then updating this information in backend
customer record systems. Another example may
be for an RPA solution to “read” legal
documents to extract relevant information,
provisions, and dates automatically, with no
human intervention.
The second category, cognitive
analytical insights, or business intelligence,
leverages computer algorithms to comb through
large amounts of data, detect patterns, and then
alert end users or respective parties when their
attention is needed. For example, the fraud
department of a large bank can use a fraud
analytics solution to comb through all
transactions for a customer within a given time
to check if any combination of the data matches
a pre-determined list of conditions or patterns
(Broadhurst et al., 2011). If the system detects a
pattern, the system generates an alert, and the
relevant information is sent to respective users
and parties to pursue next steps and actions as
needed. These patterns may be pre-set in a
system by a fraud department’s preferences and
regulatory requirements or may be tweaked
based on self-learning feedback loops over time
to reduce false positive alarms on customer
behavior. Such cognitive insight applications are
being used to conduct jobs that are only
possible by computers, since humans will be
unable to crunch such large amounts of data at
such high speeds (Choi & Lambert, 2017).
The third category, cognitive
engagement, assists with directly interacting
with end users to understand their needs and, in
return, provide information or services as
deemed necessary based on the interaction.
These include intelligent chatbots that process
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natural language (Abdellatif et al., 2020).
Another possibility is a recommendation system
which a retail company’s website would use to
automatically present a curated list of products
or services to a potential customer based on
information the customer provided about
themselves and their needs.
The First Step – A Minimum Viable Product
Framework
Within the iterative implementation
environment, the Minimum Viable Product
framework can help incorporate cognitive
technologies into organizations by incrementally
implementing small initiatives with limited scope
but still providing a positive return on investment
(Olsen, 2015). This limited scope shall contain a
list of features that need to be implemented to
render the cognitive technology functional to an
end user. To identify the feature sets of the MVP
of cognitive technologies, a series of
assessments will need to be made and
answered within the organization.
First, business areas that have the most
to benefit from implementing cognitive
technologies need to be identified (Heller, 2019).
These areas typically are parts of an
organization that are bottlenecked by the fact
that information either does not reach them in
time or takes a long time to process. Second,
these departments need to be evaluated to
identify which cases can benefit from cognitive
technologies and provide a substantial rate of
return. The use cases should identify how critical
it is to address the issue, the level of complexity
(both from a business process and technical
standpoints) it will take to implement an AI
solution, and what benefits the organization will
receive after launching the application. After
these questions are answered, the list of use
cases then need to be further prioritized into
those that offer value in the short-term, versus
those that offer long-term value (i.e., upon which
future cognitive capabilities can be further built
upon, over time).
Third, based on the use cases that are
short-listed, the appropriate AI technology will
need to be gauged to see whether cases meet
the business needs, or have constraints. For
example, RPA solutions may be able to
automate certain redundant tasks, such as
invoicing and monthly accounting reports, but
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may slow down the respective financial and
accounting systems, leading to an overall
negative business impact (Bodek, 2018).
Out of the three main categories of
cognitive technologies, RPA solutions are the
least expensive, simplest to implement, and
quickly provide a high return on initial investment
(Sobczak, 2021). Based on the use case, MVP
solutions can be implemented by simply
recording end-to-end human interactions on
applicable process flows and then replicating
and re-running them with the minimum
parameters needed to be input by humans over
time. More complex RPA scenarios and
alternative flows can be incorporated over time
as additional builds beyond the MVP phase.
The MVP approach on cognitive insight
applications should initially replace non-business
critical use cases so as not to impact daily
operations while tweaks are being made on the
underlying machine learning algorithms to
provide the desired outcomes (Paradkar, 2021).
For example, an algorithm can be created to
crunch existing big data to identify a shortlist of
relevant products and services to cross-sell to a
customer or future prospect. This algorithm does
not seem to impact business-critical operational
infrastructure but still provides value via crossselling. A feedback loop mechanism will be
required to gauge the algorithm’s performance
and to make tweaks over time to pursue desired
outcomes (Marathe et al., 2019).
Cognitive engagement applications such
as chatbots should pursue a similar trend and be
implemented in areas of low risk during an MVP
build. Instead of being customer-facing, these
chatbots could start by being internally facing to
reduce the risk of negative impact from failure
(Meyer et al., 2020). For example, an IT help
desk chatbot can help address many internal
needs for employees, such as ordering
workspace gear, requesting access to systems
or data, and troubleshooting generic issues such
as being locked out of an account. This
approach will ensure buggy chatbots can be
tweaked over time with limited risk of losing
customers. A feedback loop will be crucial here
as well to ensure the MVP development team
obtains the necessary reviews and suggestions
by end users, to make changes to chatbot logic
over time.
Conclusion
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New technological concepts should not
be a burden for organizations to adopt to
maintain a competitive advantage and stay
relevant in their respective industries. Adopting
an iterative approach, rather than a
transformative one, to implement new solutions
ensures multiple frequent checkpoints are
created between the business and technology
teams to stay aligned with the core business
needs, which then drive what and how new
solutions are incorporated into the business.
Transformative changes that aim to
replace individuals or entire departments
through AI solutions have a high risk of negative
impact due to failure, since the scope and
budget for such changes are generally large.
Comparatively, iterative changes through MVP
initiatives that aim to augment human ability,
rather than replace their entire skillsets, have a
lower risk of negative impact because only a
fraction of an otherwise transformative initiative
will be assigned to such projects. Thus,
organizational strategy should include adopting
iterative changes while navigating the learning
curve of new technologies in order to create or
maintain a competitive advantage in a
transforming industry.
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