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1. Introduction 

The constant stride towards innovation has brought many technological advancements in hardware, software, and 
their real-life applications [1]. Thus far, one of the best advanced analytics tools to derive value and insights from big 
data is machine learning (ML) [2,3]. ML technologies detect patterns in the input data, learn from mistakes, and correct 
themselves [4]. They not only have potential for cost reduction and productivity improvement [5], but also for creating 
value within companies [6]. Nowadays, ML is available for organizations to retrieve business value (BV) across a 
wide spectrum of domains [7]. 

In the current marketplace, we find organizations that have in place an elusive data-driven culture, where the 
decision-making process relies on the highest-paid person’s opinion [8]. This lack of adjustment in the corporate 
culture is one of the top reasons why data-driven technologies, such as ML, may not lead to the promised BV [9]. 
Therefore, in our perspective, it becomes relevant to not only ponder the antecedents that influence the ML BV process 
[10] but also, the main actors that influence the creation of such value within organizations: people. The environment 
of the people factor is a vital influencer in the level of success of any implementation in an organization that involves 
changes in the standard business procedures [11]. A common understanding is that organizations must run an operation 
that involves simultaneously data scientists and managers in the deployment and exploitation of a value-driven 
technological implementation such as ML [12]. While data scientists and managers having different roles to perform, 
their knowledge and skills may have a significant effect in different stages of the ML implementation. 

On one hand, data scientists with ML and coding skills have become a very sought-after commodity for companies 
[13]. Their knowledge base in ML technologies [14], among other skills, allows them to extract value from data and 
to find answers to important business questions [14,15]. On the other hand, managers who familiarize themselves with 
ML techniques are able to ensure that their portfolio of projects creates maximum value for their firms [6]. By having 
a solid ML knowledge, they can identify opportunities and potential benefits, effectively conveying their potential and 
bring competitive advantages to their firms [6]. Motivated by the issue of the ML BV creation and the influence that 
these two corporate communities appear to play in ML enterprise performance, we encounter a research question that 
neither the industry nor academia have fulfilled: How do data scientists and managers perceive the antecedents of 
machine learning business value creation? 

The current research is the first empirical study that investigates the environment of the people factor that surrounds 
ML value creation. To achieve this, the investigation analyzes a large sample of 319 firms based in Europe and North 
America that sustained a ML implementation. Since the surveyed firms span through six different types of industries, 
the findings of this investigation would be beneficial to a wide range of companies. 

Due to the page limits we highlight briefly the research as follows: theoretical framework; model and hypothesis; 
research methodology; results; we then conclude with academic and managerial implications, limitations, and avenues 
for future research. 

2. Theoretical Framework 

We present a theoretical framework summary given that ML is an extremely rich topic. ML is a data analysis 
technique where, with minimal human intervention, systems learn from data, make predictions, decisions, and find 
patterns without using explicit instructions [2,10,16–19]. In the business realm, it can add value to business processes 
since most of them have become reliant on data [20]. Also, the cost of implementing these solutions has decreased, 
because of continued research and development of synergies across the whole spectrum of the information 
technologies, while providing an increasingly useful output [18,21]. Even though, there may be a rise in the risk of 
project failure and consequent irreversibility of the initial investments than traditional technology projects [22], firms 
must consider the incredible potential value that may arise from a successful implementation [23].  

This ML BV creation process is very much influenced by the community of individuals that prepare the software 
and provide the input for the software [24] as well as by the group of members who will analyze the output and retrieve 
and apply the data-driven insights [25]. 

The first group, data scientists, are the ones who understand ML and how to use it to extract value and insights from 
data [14,26–28]. They have refined knowledge on a plethora of subjects that are extremely useful for a firm in multiple 
aspects while being capable of bridging the gap from the technical to the business side [14]. Data scientists know how 
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to leverage the power of advanced technologies to generate value [28]. They can determine the value of the ML output 
and how to best utilize it [14,28]. Ultimately, these skills add great value to business processes and enterprises [2,3,6]. 

The second unit, business managers, are the ones who incorporate the understanding of the business process and 
who identify where ML can add value to companies [6]. Without their involvement and their grasp of the technology 
potential, their passive look to the technology will lead to unsuccessful results [11]. Literature indicates that an 
insufficient understanding of technologies by the management side can lead to a poor redesign of business processes 
that, ultimately, create failed changes [11]. When they are involved in the innovation implementation, their own 
resistance is washed, and actually become key sponsors of the innovation across all business areas [29,30]. 

Ultimately, it has been discussed that a successful technological value creation within organizations needs data 
scientists and managers that are able to bridge the gap between IT and business [15]. Through these key stakeholders, 
the two groups develop good communication and information flows that ensure success rates in IT projects. 

Despite these findings across literature on how data scientists’ and managers’ shared knowledge translates to the 
successful implementation of an IT project, to the authors’ best knowledge, no relevant research has tackled how both 
their knowledge influences ML projects and their value creation potential. Furthermore, no study has mentioned how 
their roles may assess differently the antecedents that impact a successful implementation given their understandings. 

Considering the gaps found in the literature and using the Dynamic Capabilities Theory (DCT) [31], this research 
aims to understand the impact of data scientists’ and managers’ knowledge in ML BV. 

3. Model and Hypotheses  

Acknowledging the considerations from the literature mentioned in the previous section and considering that 
companies must react to changing scenarios through the DCT, the business value derived from ML could be influenced 
by several factors. Therefore, in an effort to understand how exactly this comes to be, the following adjusted model 
from Reis et al. 2020 [19] is proposed (Fig. 1). The research hypotheses are presented next. 

Fig. 1. Machine Learning Business Value Model 
Intuitively, more mature platforms have more potential to derive value from data than younger ones given that they 

had more chances to be improved upon. This might be especially true, considering that researchers speculate that more 
complex analytics methods are tied to how early they were implemented in the company’s processes [3]. A more 
mature platform was found to empower a deeper understanding of the data and its value making potential [32]. 

H1a: Platform maturity has a positive effect on financial performance. 
H1b: Platform maturity has a positive effect on organizational performance. 
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Project feasibility plays an important role when the objective is to create value and realize financial gains [33], and 
with ML projects, that effect could be enhanced [34]. The perception of feasibility that both groups have might be 
different given that their perspective is not always aligned [35].  

H2: Feasibility has a positive effect on financial performance. 
 
Data Quality (DQ) refers to the quality, reliability, amount, and how current the data available to the company is 

[36]. Having good quality data is especially important when dealing with data-intensive applications [37], which is 
the case for ML, consequently increasing the chance that ML projects create value [6]. Earlier research also suggests 
that high-quality data should be inherently good and contextually suitable for the task at hand [38]. On the other hand, 
poor data quality can have a substantial negative economic impact on companies [39]. Thus, we consider that a positive 
relationship between DQ and financial performance exists. 

H3a: Data quality has a positive effect on financial performance. 
H3b: Data quality has a positive effect on organizational performance. 
H3c: Data quality has a positive moderator effect on the relationship between platform maturity and financial 

performance. 
H3d: Data quality has a positive moderator effect on the relationship between platform maturity and organizational 

performance. 
H3e: Data quality has a positive moderator effect on the relationship between feasibility and financial performance. 
 
Information intensity refers to the degree that the company’s processes are information intensive. Given that ML 

deals very well with large amounts of information and complexity [7,40], projects that have this technology at the core 
and are information intensive can provide positive business value. Thus, a positive relationship can be expected 
between this construct and both financial performance and organizational performance. 

H4a: Information intensity has a positive effect on financial performance. 
H4b: Information intensity has a positive effect on organizational performance. 
 
The easier it is to ensure compatibility across existing systems, the probability of realizing positive effects increases 

[41–43]. This applies to both financial performance and organizational performance but especially to the latter. 
Another positive side effect is that the users of those platforms will be more satisfied [43,44].  

H5a: Compatibility has a positive effect on financial performance. 
H5b: Compatibility has a positive effect on organizational performance. 
 
By being two separate types of people with different perspectives and influenced by their different experiences 

[14,25,26], it is only natural that these factors also shape some differences between the two groups. Motivated by the 
literature gap of the people factor in ML BV, we aim to understand the differences in ML BV between them. Therefore, 
the last hypothesis is: 

H6: The antecedents for machine learning business value will differ for data scientists and managers.  
 

The control variables used are country, industry sector, and firm size to control for data variations not accounted 
by the other variables. These variables were also used in earlier literature [29,45]. 

4. Research Methodology 

A survey sponsored by SAP, a German enterprise software giant, targeted companies that use ML. The constructs 
used in this research were measured using a well-regarded seven-point Likert scale, which ranged from “strongly 
disagree” to “strongly agree”. This procedure will allow for the extraction of meaningful results. 

In January 2019, the questionnaire (available from the authors on request) was sent to 2,000 companies based in 
Europe and North America. With the criteria that the companies should have an ML solution in place (SAP or non-
SAP), the respondent should be accustomed to ML algorithms, ML principles, or with how ML insights can be 
interpreted. The study gathered 319 responses, constituting a 16% response rate. 
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The questionnaire was answered by 146 data scientists and 173 managers that accounted for 45.8% and 54.2% of 
the sample, respectively. Data scientists had a higher level of machine learning knowledge. Also, there was a somewhat 
even distribution across the European and North American regions. It was also possible to observe that companies 
spanned across different sectors, with most being considered large from both their number of employees and their 
annual turnover. An in-depth look into these sample attributes can be requested to the authors. 

5. Results 

The proposed model was estimated using the partial least squares (PLS) method. In the measurement model, the 
reliability and validity of the constructs was examined, preceding the assessment of the structural model. Before 
moving on, the item ODQ3 was removed from the model for the following reasons: it presented perfect collinearity 
with ODQ2 for the managers’ subsample; had a lower significance level than the latter for the data scientists’ 
subsample. We then proceeded to examine the model for indicator and construct reliability; and convergent and 
discriminant validity thus ensuring that we were able to measure it. To start, for indicator reliability, we assessed the 
loadings of the measurement items. Then, following the criterion that they shall be higher than the 0.70 threshold [46], 
six items (FE4, PII4, PII5, CB3, CB4, OP1) where eliminated due to low loadings. With these items removed, the 
model now presents good indicator reliability. Next, the reliability of the constructs was analyzed using the composite 
reliability coefficient (CR). Every construct has a CR level above 0.70 satisfying the criterion and thus signaling the 
reliability of the constructs [46]. Then, by examining the average variance extracted (AVE), the convergent validity 
can thereby be determined. According to the criterion for this, the measure must be higher than the 0.5 threshold [46–
48]. All constructs have an AVE level above 0.5, thereby satisfying this criterion and ensuring the subsequent 
convergent validity. Lastly, we used two measures, the Fornell-Larcker criteria [48] and cross loadings, to determine 
the construct’s discriminant validity. For the first one, we computed each of the AVE’s square roots and compared 
them to the correlations amongst each set of constructs. Since all AVE’s square roots were greater, this first criterion 
was satisfied. For the next, we compared the loadings from each indicator, to all the cross-loadings. The corresponding 
criterion expresses that the first must be greater than the second [49]. Since we could verify that, the construct’s 
discriminant validity is now hereby substantiated. In summary, the construct and indicator reliabilities, and convergent 
and discriminant validities are acceptable; allowing us to use the constructs in the assessment of the proposed model. 
The respective tables can be requested to the authors. 

The structural model was assessed using the R2 measures and the level of significance of the path coefficients. 
Figure 1 shows the model results, the path coefficients (�̂�𝛽). From the Data Scientists’ subsample, the R2 of dependent 
variables is 47.4% for Financial Performance and 67.6% for Organizational Performance. From the Managers’ 
subsample, the R2 of dependent variables is 37.2% for Financial Performance and 43.3% for Organizational 
Performance. These R2 results suggest a good fit for the model since they are all above 30% [48]. 

 To assess the significance of the path coefficients we employed 
a 500 times resampling bootstrapping procedure [46,47]. In the 
Data Scientists’ subsample, the corollaries were verified except for 
H1b, H2, H3b, H3d, H3e, H4a, and H5a that failed to achieve 
statistical significance. As for the Managers’ subsample, the 
corollaries were verified except for H3b ( �̂�𝛽 =-0.116; ρ<0.05), 
which was expected positive and H1b, H3c, H3d, H3e, H4a, and 
H5a that also failed to achieve statistical significance. All the 
relevant results are discussed in the next section. 

To understand if there are differences across both groups, the 
difference of the path coefficients was tested in table 1. In terms of 
the difference, the paths that lead to financial performance (FP): 
platform maturity, data quality, information intensity, and 
compatibility are not statistically significant (ρ>0.10). In terms of 
the feasibility (ρ<0.10), it is more important to the managers, and 
the moderator effect of data quality in platform maturity (ρ<0.05) 
is more important to the data scientists. Concerning organizational 
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performance: information intensity, and the moderator effect of data quality and performance maturity are not 
statistically significant. On the other hand, data quality (ρ<0.10) is more important to managers while compatibility 
(ρ<0.01) is more important for data scientists. It is also important to note that despite the difference for platform 
maturity being statistically significant (ρ<0.05), the path coefficients are not, thus we disregard this difference. 
Because of the differences shown previously, H6 is supported. 

6. Discussion 

The major findings are presented here. Let us first analyze the findings from the financial performance side. 
First, platform maturity and data quality play a big role in financial performance in both groups and are its main 

determinants, despite the difference between them not being significant. When it comes to platform maturity, one 
possible explanation for this can be that a mature ML platform has already undergone through the roughest 
development phase and is now riper to collect BV [3,32]. The quality of the data that is available to the organization 
can also have a big impact on what can be extracted from it [38]. This serves as a catalyst for the extraction of BV 
from the ML solution. Thus, the next finding comes naturally. 

Second, the moderator effect, for data scientists the importance of platform maturity for financial performance is 
enhanced for organizations with a higher level of data quality, and thus it becomes an even more important influencer 
of financial performance. This is a very good finding because it will allow companies that have a not so good level of 
data quality to realize that by increasing this factor, there will be an increase in the level of importance of the platform 
maturity for financial performance, and thus be able to extract even more value from their ML solution than just the 
benefit of the increase of the data quality itself. 

Third, we could also find that feasibility is more important for managers than for data scientists. This construct 
refers to the financial and technical feasibility of ML projects. If we consider that managers are used to budget for 
projects and account for the financial side of things [50], maybe they have a clearer picture of what can be done with 
the resources available at the firm [50]. However, there is also the technical side of the picture. They may not be able 
to judge the technical side that well when compared to the data scientists. 

Let us now focus on the findings from organizational performance. 
Forth, information intensity is equally important to both groups. This can be explained by the fact that both groups 

have realized that ML is suitable for processes that rely on large amounts of information and the complexity that comes 
from it [7,40]. ML can help to streamline many processes that rely heavily on data and sometimes skip some 
superfluous steps, for example by using process mining [51]. 

Fifth, compatibility is more important for data scientists. This fact can perhaps be explained because they lack some 
of the managerial skills to adapt business processes that are innate to managers [6,15], thus increasing its importance 
overall. Another way of looking at this can go through the fact that since they are more accustomed to dealing with 
the technical side of the spectrum, they realize that compatibility is actually important, while managers can miss this 
technical consideration [15]. 

Sixth, we also found a negative relationship between data quality towards organizational performance. We were 
expecting the opposite. However, in the greater picture of ML BV, data quality still leaves a very positive contribution. 

Seventh, many positive contributions were found towards ML BV via financial and organizational performance. 
This study brings insights to academia and industry. As for academic implications, this is one of the first studies 

towards a clearer understanding of machine learning in a management context. To the authors’ best knowledge, this 
is the first research study that compares data scientists and managers and their perception of value creation through 
ML. This study also contributes to a better understanding of ML BV, and it provides answers to fill the literature gap 
for ML BV and the data scientists and managers duo. Regarding managerial implications, the findings presented here 
will allow firms to extract more value from their ML solution since we present the point of view of both data scientists 
and managers. It will also allow them to make better hiring and organizational choices when selecting people to fill 
management and technical roles in ML projects. Furthermore, since ML has much potential waiting to be unlocked, 
our research enables management to take a step forward in the ML business value creation process.  

This study presents some limitations that can be surmounted through future research: regarding the path coefficient 
for data quality to organizational performance in the managers’ subsample, the statistically significant negative value 
was not expected. Despite this, the aggregate effect of data quality is still considered positive. Given that we are 
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assessing people’s perceptions of the ML BV process, the observations may be influenced by their experience and, 
therefore the results may ponder on biased judgment caused by their experiences [35]. Notwithstanding, a pool of 319 
responses is considered a statistically valid sample [52]. For future research, we welcome researchers to investigate 
the data quality relationship with organizational performance. We also welcome researchers to delve into the ML BV 
study in the pursuit of knowledge and expansion of the academic research portfolio. 

7. Conclusion 

This study contributes to a better understanding of machine learning (ML) business value (BV) process and its 
antecedents. Grounded in the dynamic-capabilities theory, this paper demonstrates that data scientists and managers 
have in fact different views on how companies extract value from their ML solutions. The study was also able to 
answer its main question. By using ML, companies can realize value that was previously unavailable by using a mix 
of platform maturity, feasibility, data quality, information intensity, and compatibility. This study also provided 
evidence that the quality of the data available to the firm has a catalytic effect on the creation of value through ML. 

ML is now being used by many organizations with the purpose of creating value. However, it still has much more 
potential waiting to be unlocked, and its ever-growing contributions will help to shape our future. 
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