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Abstract: The Valley of Death is the gap between the completion of research and development (R&D)
projects and their transition to innovation. A key aspect to explain it are mindsets, which are one of
the most complex to explain due to the number of factors they contain. What remains unclear is how
people might have patterns of understanding the processes and activities that define mental models.
This paper aims to explore how persons involved in R&D activities have a pattern to understand
the processes. Data for this study were collected using a survey applied to directives, coordinators,
technology managers, intellectual property managers, researchers, and entrepreneurs in a group
of 11 universities in Medellín (Colombia) through a computational clustering analysis. The main
contribution of this article is the generation of five patterns or mental models, in which the different
roles linked to R&D converge, to this extent we could speak of shared mental models. One of the
more significant findings that emerge from this study is that a simpler mental model with specific
and relevant activities prioritised may work better than a complex one.

Keywords: innovation process; mental models; Valley of Death; computational clustering; data science

1. Introduction

In academic contexts, the term “Innovation” is used to indicate “a degree of newness,
change, or even, a degree of usefulness of any application of something new” [1] (p. 2).
Under this perspective, innovation is driven by research and development (R&D) processes
and is linked to society, economy, and politics [2]. One of the main indicators of success in
R&D projects of higher education institutions is related to the capability of producing inno-
vation results. Therefore, understanding the project’s stakeholders, stages, and activities
along its lifecycle become a critical factor of the innovation process.

Among the common stages and activities for characterising an innovation process, the
literature reporting models [3–5], where a variety of steps allow the process to transcend
from invention to innovation, have been highlighted. In light of this perspective, a critical
phenomenon along the innovation process has been called as the Valley of Death and
occurs when a project needs to obtain financing to generate socially “desirable commercial
products” (goods and services) and is unable to acquire such resources [6] (p. 91), therefore
slowing down or stopping its development. Several authors [7–10] acknowledge that the
Valley of Death manifests itself after concluding the R&D phases, aimed at validating a
prototype in the laboratory or completing pilot tests, and before initiating activities for
the final development of the product. Researchers have typically approached the Valley
of Death as a funding gap [11–14], arguing that the delay in the project is fundamentally
due to the scarcity of economic resources to complete the innovation and enter the market.
Nonetheless, other branches in the literature report a growing interest in exploring other
elements beside the funding gap that could explain the causes of the Valley of Death, in
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which this phenomenon begins to be understood as a complex [7,10,15,16] and chaotic
problem [8,9,17] made up of multiple gaps. For instance, [18] describes the Valley of Death
as a result of a gap which is simultaneously financial, institutional, and of capabilities.
Reference [19] assumes the Valley of Death to be a double gap of knowledge and capital.

Considering the Valley of Death from a complex perspective, various factors, in ad-
dition to the financial ones, have been reviewed. At that point, some authors identify
that mindsets within the framework of organisations tend to constitute barriers to inno-
vation [20–22]. Other authors [6,23–25] go further, asserting that mindsets condition the
formation and persistence of the Valley of Death. This indicates that there is not enough
information that can explain the constrains behind innovation processes, even if such
limitations can make a project fall within a stage of the Valley of Death. Therefore, reflexing
regarding the causes related to the Valley of Death, such as mental models, becomes a
part of researching processes, with several questions because of the possible unknowns it
involves. For this work, the research questions are, on one side, oriented to identify patterns
in the way in which the stakeholders assign importance levels to the activities that support
every process within a project and how those importance levels could affect or contribute to
overcome the Valley of Death. On the other side, a second research question that could be
addressed in this work is how to implement updated methodologies in computer science
for extracting non-conventional information from data within the innovation management
studies. This question is mainly supported by the fact that conventional data mining
methods do not allow the extraction of relevant information which could help the academic
community understand other restraints in the Valley of Death phenomenon.

As a response to the trends in this study field, this paper aims to explore how the
persons involved in R&D projects prioritise the activities that support the processes required
to surpass the Valley of Death. The purpose herein is to know how these people might reveal
specific mindsets when understanding the processes of interest in an innovation project. In
this case, identifying and recording the mindsets in a suitable structure, mental models were
used. In this article, mental models will be understood as the patterns that coincide in the
people involved in R&D activities, in the tendencies that are evident in terms of the levels
of importance that they assign to the processes, and their respective activities. It is intended
to describe patterns of mental models related to innovation processes and activities.

With the intention of identifying such mental models, data from a survey applied to
directives, coordinators, technology managers, intellectual property managers, researchers,
and entrepreneurs in a group of 11 universities in Medellín (Colombia) were collected.
With the data, a computational clustering analysis was developed, and posteriorly, a careful
study was conducted crossing variables explaining how the data are grouped. Within
the manuscript organisation, the Section 2 accounts for the theoretical background. After
that, Section 3 introduces the methods and procedures. Subsequently, are the results and
analysis. Finally, conclusions are presented.

2. Theorical Framework
2.1. The Valley of Death in the Innovation Process

In the literature, multiple efforts can be identified to characterise innovation within
the framework of a process. Works that mark a tradition in this line can be recognised,
such as the generations of innovation processes [26], and its subsequently revisions [27],
or chain processes [28]. Similarly, there are proposals for innovation processes [4], or the
results of the literature review [5], regarding research approaches regarding the processes
involved in innovation.

In part, the identification of processes to manage innovations is significant because
it is expected that, by structuring innovation activities, uncertainties can be reduced,
while contributing to the reduction in situations that limit the successful development of
innovations. One of these circumstances is called the Valley of Death, which occurs when
a technology fails to obtain the necessary funding to complete its development and thus
generate desirable products, processes, and/or services on a commercial scale [6]. To locate
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the Valley of Death, it is usual that, after addressing a sequential process of innovation, the
literature suggests that this restriction occurs in a transition stage between the completion of
research activities and the start of formal processes of development of new products [8], or
between the research development of functional prototypes and product development [17],
or between the research and market introduction phases [29].

When innovation projects enter the Valley of Death, they are subjected to a situation
of arrest and eventually of no conclusion. Some authors [10,30] estimate that only one in
five innovations manage to overcome the Valley of Death and become innovations. Some
authors [3] are more pessimistic, stating that the chances of overcoming the Valley of Death
are about 10%.

Background studies on the Valley of Death have approached this issue as a funding
gap [7,11,17,31]. However, some authors understood the Valley of Death as a complex
phenomenon with multiple influencing factors. Alternative explanations to the funding
gap have therefore been found to relate to the Valley of Death, such as the weakness of
interactions [32–37]; lack of human talent competencies [6,8,22,38]; knowledge of business
dimensions [25,39–41]; institutions [7,16,17,20,39,40].

Other authors have focused on finding alternatives to overcome the Valley of Death.
Reference [42] proposes five innovation management processes that can contribute to
overcoming the restrictions involved in the Valley of Death, hereafter, the Processes to
Overcome the Valley of Death (POVD): (i) to identify the technology concept, through the
refinement of narratives for the technology concept; (ii) to evaluate technology performance,
through the technical evaluation of lab-scale models; (iii) to reduce commercial uncertainty,
through a better understanding of how technology will be used; (iv) to define potential
impact, through comparative value assessment; (v) to define a commercialisation strategy,
through the integration of innovator actor inputs. Notwithstanding, there is no clarity
regarding the importance of each one of such processes when accounting for the obtainment
of an innovation. According to the authors, these processes do not necessarily follow a
sequential path, but rather are concurrent, so they can be executed following multiple paths.

2.2. Mental Models Involved in the Valley of Death

The problems related to restrictive mindsets in organisations are among the main
barriers to innovation [22]. People with such mindsets manifest a fear of change, as well
as a fear of the possibility of failure. Conservative decision making is also a symptom of
restrictive mindsets. The discontinuities that innovation implies for organisations involve
“cognitive dissonance”, which can motivate clinging to existing routines, reinforcing the
status quo, and blocking change [21]. Therefore, changes in mindsets are needed to help,
in part, to remove barriers of innovation. For example, creating new perspectives on how
to approach the market and redefining existing technological solutions are conducive to
radical innovations [43].

Innovation implies an internal tension of managers, which have to “debate” regarding
the nature of their business. Similarly, when managers exhibit a lack of consensus regarding
the relevance of the innovation prospected, the areas involved, and the way to implement
the innovation, as well as the order of market entry, it often hinders the achievement of
innovations [44].

There are several references in the literature, describing problems related to mindsets,
to elements that affect, within a complex network of factors, the formation and persistence
of the Valley of Death: part is due to the fact that innovators normally focus on perfecting
technologies, while not attending to customer needs, positioning in the market, or shaping
the human team required and the supply chain [23]. Focusing on university researchers
who assume the role of innovators, traits are found of a scientific mindset within them that
limit their innovative behaviour. Specifically, the authors point out that these individuals
often find it difficult to interact with people in the industry, explain their projects in business
terms, and also translate their ideas to the common language used by the market. These
authors additionally identify researchers’ resistance to considering the usefulness and
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market of their innovative product [25]. For this purpose, there is a need to work on the
researchers’ mindsets, so that they become more entrepreneurial [6,24].

From the above sources, it is possible to recognise the involvement of mindset in
the stoppage of projects during the Valley of Death. Nevertheless, mindset is a broad
concept, difficult to delimit and capture in a structured way, for studying purposes. For this
reason, mental models were used in this research as an auxiliary concept that facilitates the
identification and explanation of certain aspects of people’s mentality and even provides a
basis for the construction of instruments for field work.

Mental models are images deeply rooted in the minds of individuals that represent
their implicit and/or explicit understanding of how an aspect of reality works [45]. Such
images intervene in the way the world is interpreted and thus, in the type of decisions made
and actions taken. According to the author from reference [45], mental models constitute
assumptions and theories based on the learning cycle that we store in our memory, which
comprise know-how and know-why. They are “not simply equivalent to (declarative)
knowledge. Although they are stored in memory” [46] (p. 7). Thus, people go on to
construct an internal model of the reality which determines their decisions. In this sense,
environmental, organisational, team, and individual conditions are determinants in the
way mental models are constructed [47,48].

Mental models are constructs that articulate reality and generate constrains; these
models are made up of images, assumptions, notions, theories, and beliefs regarding how
things work and how to act based on all these understandings and underlying common
constructs [48]. These representations are often rooted in the tacit knowledge of people, who
are, therefore, unaware of their mental models. Nevertheless, it is feasible to present them in
a structured way, which makes them useful to make specific elements of people’s mindsets
explicit. Obsolete mental models act as mindset inhibitors of disruptive innovation [49].

One of the key aspects for the constitution of mental models is learning. The learning
process happens in four stages: it starts with the observation of concrete experiences;
from these experiences a process of meditation on these experiences is carried out; hence,
with the meditation of the experiences, new concepts and generalisations are formed;
these concepts and generalisations are tested through new experiences; finally, the cycle
repeats itself [45]. Therefore, the mind is shaped by experiences and vice versa [50]. The
construction of mental models depends upon tasks, time, requirements, limitations, and
team configurations in a given situation. These characteristics lead to the existence of more
than one mental model [46].

Memory is related to the retention of knowledge that has been acquired in individual
learning. In this sense, the relationship between memory and the learning process is the
mental models, which enable the generation of the world view, its functioning, and the
assessment of the consequences of actions. It includes implicit and explicit understandings,
allowing people to have a context where new knowledge is acquired, determining how
particular information is relevant at a given time [45].

Mental models are framed in four modalities [47]. Two of them are closely related
to the comprehension of activities and processes: the understanding of the work to be
performed, which translates into the mental model of the tasks; the knowledge or beliefs
regarding the effective processes to achieve a given outcome.

Working groups may share mental models, and this phenomenon occurs in degrees or
levels, rather than in an exhaustive way, in which individuals foresee possibilities based on
their knowledge and beliefs; with this persons construct reasoning [47,51].

3. Methods and Procedures
3.1. Case Selection

The present work explores the relationship between the POVD and a set of innovation
activities, typically executed to overcome the Valley of Death, as well as the mental models
of the stakeholders, representing these POVD/Activities relations. The research is focused
on R&D higher education institutions. Therefore, the field work focuses on people who play
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roles in the R&D process at 11 universities, both public and private, located in Medellin,
Colombia. The universities were selected based on their R&D capabilities; this group
concentrated around 72% of the regional R&D capabilities, according to the Colombian
Science, Technology, and Innovation Ministry [52].

Although there are different profiles associated with R&D processes within universi-
ties, this paper highlights the following six roles within the selected universities: directives,
coordinators, technology managers, intellectual property managers, researchers, and en-
trepreneurs. This resulted in a total sample of 89 participants, linked to the 11 universities.
For this work, data from applied research centers and companies were not available.

There was a series of POVD [42] and this was supported by a set of activities, as was
introduced before. Along with this, we reviewed the innovation models of the 11 selected
universities and the activities to be considered were extracted from them. This was possible
thanks to the consultation of the documentation of these higher education institutions,
complemented in some cases with interviews with the leaders of these processes at these
universities. A synthesis was made of the activities found in the 11 universities consulted,
resulting in the following common activities, listed in Table 1.

The following list describes the activities identified in the participating universities:

Table 1. Innovation activities.

Activities Code

1. Assess maturity potential (TRL) TRL

2. Identify needs, challenges, opportunities, capabilities, initiatives, and research and
development results NCOCIR

3. Develop minimum viable prototypes DMVP

4. Seek resources to fund scaling up SRFSU

5. Validate user, usage, and consumption VUUC

6. Manage partnerships to complement technical, industrial, and/or commercial activities PCA

7. Develop technical and competitive intelligence studies—opportunities analysis—identify
markets DTCIOM

8. Structuring the intellectual property strategy IPS

9. Value technology VT

10. Managing pre-commercial activities MPCA

11. Manage contractual conditions, selections of mechanisms, and formalisations of transfer
conditions CCTC

The previous inputs (five POVD and eleven innovation activities) were used to outline
a useful structure for identifying a type of mental model, which answers the question: what
are the innovation activities that contribute most to the fulfilment of the POVDs? As mental
models cannot be observed directly [53], the structure outlined was required to make
them explicit. For this purpose, an approach to mental model metrics, based on structural
networks, which are elicited through the comparison of actions or decisions associated with
the achievement of an overall result, was taken [54]. Importance ratings, recommended
by reference [54], were also used to qualify the contribution of each innovation activity
towards every POVD. The mental model outlined is presented in the scheme in Figure 1,
right side.
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Figure 1. Survey scheme to identify mental models regarding innovation activities and POVD,
acronyms can be found in Section 2.1.

The previous mental model scheme was transferred to a survey, to be applied to each
of the 89 participants. This instrument was carried out under a digital survey platform.
The first part of the survey determined a respondent´s university affiliation and role. Next,
participants evaluated the importance of each innovation activity (listed in Table 1) to the
fulfilment of each POVD.

It should be noted that the scheme depicted in Figure 1 determines a combinational set,
comprising 55 possible relationships (11 activities contributing to 5 POVD). In this work,
the contribution was assumed as the level of importance that each respondent gives to the
contribution of each activity towards each POVD. This would determine for the respondents
that their mental models referred to activities necessary to achieve a specific task [47].

For this work, the level of contribution was measured as importance ratings [54] and
was estimated by selecting one category out of five available, using a Likert scale as follows:
1. Not important; 2. minor importance; 3. moderately important; 4. important; 5. very
important. Evaluation of an activity as unimportant means that the respondent does not
consider this activity to be important to achieve success in the innovation process. After the
application of the survey, the results were consolidated in a data table with dimensions of
89 × 55, in which we can find 89 responses with 55 attributes, each attribute corresponding
to every combination: one POVD/one innovation activity.

3.2. Clustering for Database Processing

Beyond the visual analysis of survey results, there are connections among the responses
that must be understood for identifying relationships among POVD, innovation activities,
and the mental models of people involved in R&D processes. For this objective, grouping
techniques allowed for the identification of non-trivial connections among data supporting
any specific phenomenon [55]. Among these techniques, clustering is one of the most used.
It takes, as input, the attributes of a set of objects and splits it into specific groups called
clusters. The attributes of an object allow it to be placed as a datapoint in an n-dimensional
space. Thus, grouping the objects becomes a task of separating the points according to one
specific number of groups. In this part, this process was carried out by a machine learning
algorithm that learns the distances that make a set of objects be similar among them [56].
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With respect to the study regarding mental models, the objects correspond to every
participant in the survey, and the attributes are the possible responses that the respondent
could choose. Under this representation, the hypothesis of this work lies in the fact that
groups of respondents, which exhibit similar attributes, could be related to similar mental
models within the innovation processes. This task, analysed from a computational view,
consists of representing all the participants in an n-dimensional space, and labeling them
according to any number of groups defined by an expert user. As an example of the effect
of clustering in our dataset, Figure 2 represents a system that takes, as input, a set of nine
participants plotted into a two-dimensional space according to the attributes: importance
of developing available prototypes (API), the importance of searching founding resources
(SFRI). This produces, as output, the labels in colour, according to three expected groups.
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two attributes.

In this matter, different branches exist for carrying out clustering algorithms. Notwith-
standing, K-means clustering is the most widely used. This method carries out a nearest
neighbour searching. K-means clustering assigns labels depending on ‘k’ groups by calcu-
lating distances between the objects and reference points placed within the groups. This
process was performed iteratively by assigning each object to the group whose reference
point is the nearest. Those reference points updated per every iteration by calculating the
centroids of the groups [57]. As an explanation of the process, Figure 3 summarises the
steps in the K-means clustering algorithm.

J. Open Innov. Technol. Mark. Complex. 2022, 8, x FOR PEER REVIEW 7 of 18 
 

With respect to the study regarding mental models, the objects correspond to every 
participant in the survey, and the attributes are the possible responses that the respondent 
could choose. Under this representation, the hypothesis of this work lies in the fact that 
groups of respondents, which exhibit similar attributes, could be related to similar mental 
models within the innovation processes. This task, analysed from a computational view, 
consists of representing all the participants in an n-dimensional space, and labeling them 
according to any number of groups defined by an expert user. As an example of the effect 
of clustering in our dataset, Figure 2 represents a system that takes, as input, a set of nine 
participants plotted into a two-dimensional space according to the attributes: importance 
of developing available prototypes (API), the importance of searching founding resources 
(SFRI). This produces, as output, the labels in colour, according to three expected groups. 

 
Figure 2. Representation of the clustering process by taking into account nine participants and two 
attributes. 

In this matter, different branches exist for carrying out clustering algorithms. Not-
withstanding, K-means clustering is the most widely used. This method carries out a near-
est neighbour searching. K-means clustering assigns labels depending on ‘k’ groups by 
calculating distances between the objects and reference points placed within the groups. 
This process was performed iteratively by assigning each object to the group whose ref-
erence point is the nearest. Those reference points updated per every iteration by calcu-
lating the centroids of the groups [57]. As an explanation of the process, Figure 3 summa-
rises the steps in the K-means clustering algorithm. 

 
Figure 3. Block diagram for the steps in the K-means clustering algorithm. 

As presented above, the K-means algorithm starts by loading the dataset, introducing 
the ‘k’ number of expected groups, and estimating random values for the ‘k’ centroids, 
which work as reference points. After that, distances between all the objects (Participants) 

Figure 3. Block diagram for the steps in the K-means clustering algorithm.



J. Open Innov. Technol. Mark. Complex. 2022, 8, 154 8 of 17

As presented above, the K-means algorithm starts by loading the dataset, introducing
the ‘k’ number of expected groups, and estimating random values for the ‘k’ centroids,
which work as reference points. After that, distances between all the objects (Participants)
and every centroid are calculated. In this work, the Euclidean distance is used, as indicated
by Equation (1). In there, Xi represents every attribute in the object, and Ci accounts for
each attribute within the centroid. The i attributes run from ‘1’ to ‘n’. In here, ‘55’ attributes
were considered [58].

D = 2

√√√√i=n

∑
i=1

(Xi − Ci)
2 (1)

Once all the distances were calculated, a label was assigned to every object depending
upon the group with the centroid in which the minimum distance was achieved. With these
labels, new groups were generated and consequently, the centroids update by replacing
them for the average of attributes in the labelled objects within the groups. Finally, this
process was repeated sequentially until the updated centroids did not report significant
changes with respect to the last values. As it can be inferred from the algorithm, the utility
of this algorithm not only lies in the object labelling process, but also in the identification of
centroids which allows us to group new objects [59].

Although the K-means is a popular data-clustering algorithm, one of its biggest
challenges is the requirement for the ‘k’ number of clusters before the algorithm is applied.
In our dataset, this implies the anticipation of the number of mental models in which
the participants could be grouped. In this paper, selecting the ‘k’ value is carried out by
developing the elbow method [60], which is supported by the fact that clustering algorithms
experience performance variations depending on the number of clusters. Therefore, instead
of using a single predefined ‘k’ value, the literature suggests using a set of them by following
an incremental strategy, and consequently, analysing the performance variations. With
this method, the ideal ‘k’ value is taken from the point in which the performance exhibits
a strong variation, as illustrated in Figure 4. In there, the point rounded by a red circle
indicates the suggested number of ‘k’ groups.
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In relation to the elbow method, the literature reports different strategies for evaluating
the K-means performance [61]. Herein, for performance evaluation, we use the accumula-
tive distances of the objects to their respective centroids, as indicated in Equation (2) for
the performance ‘P’. This metric is related to the variance within each obtained cluster [60].
With this, fewer values of ‘k’ produce a higher K-means performance. On the contrary,
higher values of ‘k’ lead to lower values of performances.

P = ∑
Xi in C1

D(Xi, C1) + ∑
Xi in C2

D(Xi, C2) + . . . + ∑
Xi in Ck

D(Xi, Ck) (2)
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4. Results and Analysis
4.1. Data Summarisation

By considering that the applied survey is composed by processes and activities, an
array of 4895 cells was obtained with the possible combinations between them. In there, it
is well observed that the role of the participants is strongly supported by researchers, as
shown in Figure 5. This validates the fact that in a higher education institutions context,
people who are involved within innovation are often related to research processes. Likewise,
it was found that roles related to technology manager and coordinator are more common
than directive, IP manager, and entrepreneur. This could be attributed to the low proportion
of profiles that our universities reported in these kinds of roles.
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By taking into consideration that the obtained array reports extensive data, Table 2
summarises the importance in which the participants assume any activity, with respect to
another, within a process. These results are presented through a frequency chart. In such
cases, all the innovation processes and its respective activities are included, as introduced
previously. In the table, the intensities of green colour are used to indicate differences
between the range of participants who chose such an activity as important in the process.
In there, dark intensities refer to a higher percent of frequencies; on the contrary, bright
intensities indicate a low percent of frequencies.

Table 2. Importance of the activities in the POVD; acronyms can be found in Sections 2.1 and 3.1.

Process Identify Technology
Concept

Evaluate Technology
Performance

Reduce Commercial
Uncertainty Define Potential Impact Define Commercialisation

Strategy

Activities 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
TRL 0% 6% 20% 40% 34% 0% 5% 10% 45% 40% 3% 4% 24% 35% 34% 2% 6% 13% 43% 36% 6% 3% 24% 28% 39%

NCOCIR 1% 1% 14% 37% 47% 0% 2% 13% 42% 43% 2% 4% 18% 43% 33% 2% 4% 7% 46% 40% 3% 6% 13% 42% 36%
DMVP 2% 7% 14% 39% 38% 0% 1% 5% 38% 56% 2% 4% 24% 44% 26% 2% 2% 16% 46% 34% 3% 3% 18% 45% 30%
SRFSU 2% 12% 16% 28% 42% 0% 3% 16% 29% 52% 1% 6% 15% 31% 47% 0% 3% 18% 40% 38% 1% 7% 13% 37% 42%
VUUC 2% 7% 29% 34% 28% 0% 2% 16% 43% 39% 0% 4% 18% 39% 39% 0% 1% 12% 46% 40% 1% 1% 11% 40% 46%
PCA 2% 9% 26% 34% 29% 0% 4% 16% 42% 38% 0% 3% 15% 37% 45% 0% 2% 12% 51% 35% 0% 4% 9% 35% 52%

DTCIOM 1% 2% 16% 32% 49% 1% 6% 10% 34% 49% 1% 2% 19% 33% 45% 2% 2% 12% 43% 40% 1% 3% 13% 38% 44%
IPS 2% 12% 15% 29% 42% 2% 10% 19% 31% 38% 3% 4% 18% 27% 47% 2% 9% 19% 33% 37% 1% 4% 13% 34% 47%
VT 2% 10% 13% 27% 48% 1% 6% 13% 35% 45% 1% 6% 12% 39% 42% 2% 2% 17% 38% 40% 0% 6% 18% 30% 46%

MPCA 8% 19% 33% 19% 21% 3% 12% 33% 32% 20% 1% 3% 16% 36% 44% 2% 3% 15% 40% 39% 1% 1% 11% 24% 63%
CCTC 7% 22% 19% 33% 19% 3% 12% 26% 42% 17% 1% 7% 15% 38% 39% 2% 3% 16% 42% 37% 1% 2% 9% 34% 54%

Note: The intensity of the colours indicates the frequency of the responses.
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Among the reported frequencies per process, it was found that although most of
the participants consider the activities which support every process as important (with a
valuation of ‘4’) and very important (with a valuation of ‘5’), there are combinations with a
lower level of importance. This could be attributed to the fact that participants, in a humble
manner, demonstrate different levels of maturity or knowledge with respect to the activities
within the innovation processes, and overall, on the way to overcoming a possible Valley
of Death stage. In this sense, the reported data indicate that the activity with the highest
importance was achieved by ‘MPCA’ (managing pre-commercial activities), with respect to
the commercialisation strategy process. In here, a value of ‘63%’ was obtained. Likewise,
the data in the table indicate that the activity marked as the lowest importance was the
‘MPCA’ with an ‘8%’ value, but in the technology concept process. This could be attributed
to the fact that many of the participants consider as non-important the activity ‘MPCA’
when starting the R&D project, but it gains importance when the project becomes advanced
into the technological development stages.

If it the obtained data are analysed in a wider manner, it can be noticed that, on one
hand, there are activities which in general were evaluated as very important in a transversal
manner for all five processes, as is the case of DTCIOM (Develop technical and competitive
intelligence studies—opportunities analysis—identify markets). In there, the frequencies
are mainly placed in the important and very important levels. This could indicate that the
participants consider as necessary the existence of this type of report per every process, since
the R&D projects start until they finalise. On the other hand, in the table, it is observed that
for the two initial processes, a considerable number of activities report a higher dispersion
of values, where the addition of a frequency distribution is placed generally in the levels
corresponding to: no important, minor importance, and moderately. This indicates that
in a general manner, those activities make no great contributions to the project until it
achieves an advanced stage. In this case, the mentioned activities are VUUC (Validate user,
usage, and consumption), PCA (Manage partnerships to complement technical, industrial,
and/or commercial activities), MPCA (Managing pre-commercial activities), and CCTC
(Manage contractual conditions, selections of mechanisms, and formalisations of transfer
conditions), with the Identify technology concept, MPCA, and CCTC corresponding to the
Evaluate technology performance process concept.

4.2. Data Grouping through Clustering

Although the previous data summarisation allowed for the identification of the activi-
ties that every person considers to be important in the innovation process, such representa-
tion does not allow us to relate the way in which they respond to the mental models one
can find within the innovation processes. For this, results of the data grouping attempt to
identify sets of participants whose responses might cause them to be labelled as similar. In
this event, such similarities are assumed as a type of mental model.

4.2.1. Automatic Selection of the Number of Clusters

As the hypothesis of mental models in a data collection does not define the number
of groups, the next Figure summarises the data grouping performance obtained iteratively
from ‘2’ to ‘10’ groups. The elbow method suggests that ‘5’ is the maximum number of
groups in which good data separability is obtained. According to the curve in Figure 6, to
assign more than ‘5’ numbers of clusters could produce low values of separability. It indicates
that although the participants could enface the activities with different levels of priority, five
profiles are strongly identified. These profiles are assumed as the mental models, representing
how the participants understand the POVD. In this work, the models will be called ‘A’, ‘B’, ‘C’,
‘D’, and ‘E’, as summarised by the axis label in Figure 6. It was obtained that ‘16’ participants
were labelled as model ‘A’, ‘43’ participants as model ‘B’, ‘20’ participants as model ‘C’, ‘1’
participant as model ‘D’, and ‘9’ participants as model ‘E’ (Figure 7).
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4.2.2. Centroid Analysis

This section accounts for understanding the feature that makes a participant be labelled
as a part of one of those groups. In this case, the values in the middle point of each group
(Centroid) are assumed to represent the features which define every mental model. Group
‘A’ is represented by the participants that assume almost all the activities in all the processes
as very important, as shown in Figure 8. This implies that for becoming part of group ‘A’,
the participant must consider as five in importance all the activities in the processes.

For group ‘B’, the clustering strategy suggests that participants must consider the im-
portance of the innovation activities in almost all the processes as ‘4’. Figure 8b represents
the attributes of the participant responses which belong to mental model ‘B’. Regarding
group ‘C’, the attributes are a mixture between groups ‘A’ and ‘B’. This means that par-
ticipants who belong to group ‘C’ usually switch their responses between very important
(5) and important (4). Similarly, some of the last attributes are assigned as moderately
important (3), as indicated in Figure 8c.

Regarding group ‘D’, the obtained centroid indicates that participants do not have a
specific pattern and/or data distribution. In this direction, the participants pass through
all the importance levels. It means, in some cases, the participant evaluates first as very
important, then to non-important, and continues with moderately important, and so
on. This case is presented in Figure 8d. Finally, group ‘E’ reports different attributes in
the groups. In this case, the mental model exhibits responses generally between minor
importance (2) and important (4), as indicated in Figure 8e. In there, some values at the
end of the graphic are considered as very important (5).
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Figure 9 shows the activation lines of the mental models found where, for the purposes
of this work, the activation lines will be understood as those activities that the participants
evaluated as “important” and “very important”. In that respect, in mental model “A”
where high importance was given to all the tasks, it is shown how all the connections
are present in the model; on the contrary, in mental model “E”, few activation lines are
observed in the tasks concerning the processes identify technology concept and evaluate
technology performance, which implies that the mental models of the participants are
different and, to this extent, they prioritise some tasks over others.
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5. Discussion

After describing the obtained results, our analysis suggests that the people involved
in R&D activities exhibit specific patterns to develop the processes, and that such patterns
could be related to the strategies they use when struggling with a possible condition of
the Valley of Death. In this case, the stage of data processing yielded five clusters, which
could be understood as common mental models and suggest similarities in the way people
prioritise POVD and their respective activities.

The implications of these findings go beyond the identification of respondent profiles
that rank the importance of any specific activity in any specific process. In here, these
patterns reveal significant information regarding the compromise that different groups
of people invest in to develop every activity in entire processes. Within the clustered
groups, two types of mental models can be observed: the first type shows a monotonous
perspective, indicating a high importance score in the whole set of activities for the entire
POVD. In contrast, other groups can be identified that are more flexible, with respect to
how they approach every stage in the process. In other words, the second type of mental
model shows variability instead of monotony, meaning that only some activities are scored
as highly important.

Within the features that validate our findings, it can be seen that although there are
mental models (outlined by clusters A, B, and C) where the vast majority of activities were
rated as important and very important, to lead them in practice could become a difficult
task and runs the risk of entering the Valley of Death due to the need to be perfect when
developing a process. This argument coincides with the report made by Tomlin (2021),
where it is empathised that sophisticated models do not guarantee success. On the contrary,
the same author states that simpler mental models, such as D and E, may perform better.
For the mental models outlined by clusters D and E, a fewer number of activities are
considered of high contribution to the achievement of the POVD; therefore, to execute and
coordinate these activities would require a lower effort, compared to the effort to address
the same job guided by more complex A, B, or C mental models.

The above can be interpreted by considering the degree of effort required to execute
the activities leading to the accomplishment of the POVDs: it can be expected that if the job
is guided by a simple mental model, the effort may be less than if it is guided by a more
complex mental model.
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In a deeper manner, the findings indicate that there are specific activities which are
considered as relevant for carrying out many of the processes. This implies that most of
the mental models have patterns in common. With the exception of mental model D, the
others (A, B, C, and E) consider the PCA activity (Manage partnerships to complement
technical, industrial, and/or commercial activities) to be important or very important (four
or five, respectively). This is significant when dealing with processes focused on reducing
commercial uncertainty, defining commercial impact, and defining marketing strategy.
In this sense, the generation of partnerships is considered a driver of innovation [62].
Nevertheless, there are even projects where the generation of networking is discouraged by
aspects such as disagreements on financial contributions between the university and the
company or the difficulty in signing agreements due to bureaucratic processes that slow
down the establishment of alliances and collaborative work [63].

Contrary to the activities which resulted transversal for almost all the processes, our
findings indicate that there are some that although they are not important for beginner
processes, they catch attention when projects gain maturity. This could indicate that there
exists a certain type of persistence in the mental models when facing a project, and that there
exists the possibility to overcome the Valley of Death and effectively become innovations
through flexible models [64]. In those cases, the variability in the valuations of activities
could indicate differences in conception related to the general R&D process and may help to
validate the existence of different mental models when working in the same type of projects.

Beside the results discussed before, one of the aspects to be considered in future works
involves the exploration of the patterns that could exist in teams conformed by people
with different mental models, including aspects such as experience in the development of
R&D projects during the pre-commercialisation stages. Therefore, the association between
such patterns and the possible success of the projects could be established. It is valuable
to examine whether different groups of people, who play distinct roles in universities,
exhibit dissimilar mental models. For example, whether researchers manifest different
mental models from technology and intellectual property managers. It would also be
possible to determine to what extent the mental models of technology and intellectual
property managers are similar to those of decision makers and resource allocators [65].
Thus, it is necessary to explore whether it is possible to establish the flexibility or rigidity of
these models in developing innovation [66], as well as their possible evolution or change
over time.

This work has implications for the management of innovation projects in higher
education institutions. Mental models are part of a learning process, which is dynamic and
can be collective within teams and organisations. This condition implies that mental models
can be modified, as long as teams execute actions tending to share, test, validate, and modify
their mental models. This opens the opportunity of creating spaces and instruments for
the project’s stakeholders, in order to explicit their mental models concerning the POVD.
Afterwards, these mental models might be collectively shared, discussed, and tested so as
to seek shared mental models that gather the collective experience. In this way, interaction
between parties could be facilitated and the processes aimed at managing innovation
projects in their final stages could be made more fluid.

6. Conclusions

In complement to reports in the literature, which have identified that mindsets within
the framework of organisations tend to constitute barriers to innovation and that such
mindsets could condition the formation and persistence of the Valley of Death, our findings
indicate that the patterns in the levels of importance assigned by the stakeholders, for every
activity supporting the processes within an innovation project, could contribute additional
information that allows a better understanding of the constrains that make a project fall in
the Valley of Death. In light of this panorama, a computer science strategy based on data
clustering was implemented within the “Innovation management” as a research field to
estimate the possible mental models related to a set of actors belonging to an academic
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scenario in a small sample of 89 participants in 11 universities. When analysing the levels
of importance that participants assign to innovation activities, five mental models were
identified. Indicating that the way in which the participants evaluate the importance of
each innovation activity may or may not affect the materialisation of an innovation, in other
words, this could influence whether or not a technology overcomes the Valley of Death.

The way in which the academic actors assume the importance of activities in the
innovation processes can be grouped according to similar attributes by using clustering
strategies. In this paper, those similarities are denominated as mental models in the inno-
vation. In this case, although the algorithms allow the option of assigning the number of
expected groups, the elbow method suggested that in our dataset, the maximum number
of models, while conserving the data separability, is through ‘5’ groups. In here, ‘16’ par-
ticipants were labelled as model ‘A’, ‘43’ participants as model ‘B’, ‘20’ participants as
model ‘C’, ‘1’ participant as model ‘D’, and ‘9’ participants as model ‘E’.

Within the clusters, centroids could be understood as the patterns that characterise the
activities and the processes in which the respondents enface a project related to innovation.
This supports the rationale for assigning different levels of importance to activities that
support processes, indicating that in the pursuit of innovation, each person presents a
mental model and that each type of model is related to their own procedural signature.
Some are more rigid in aiming for perfection in fulfilling the full set of activities, but others
assign levels of importance as processes gain maturity.

Although the considered population focused on a small group of participants, the ob-
tained results allow us to explore the possibility of conducting more robust research which
could consider the number of innovation products that each participant can evidence in
their academic expertise. This, with the intention of providing a ground truth of innovation,
serves as a validation of the relationship between the attributes and mental models.
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