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Abstract Machine learning offers significant potential for
organizations, yet transitioning models from development
to deployment remains challenging. Frameworks such as
CRISP-ML(Q) and MLOps emphasize the need to integrate
business, economic, and machine learning perspectives.
However, a systematic literature review reveals a lack of
methods that link machine learning perspectives with
business objectives. To address this gap, the authors
introduce a metric — called profit-per-decision (ppd) — for
binary classification that incorporates both model perfor-
mance and economic impacts. Further, the Viability
Assessment Framework is proposed, which utilizes the
metric and enables organizations to assess viability at dif-
ferent project stages: pre-development, post-development,
and post-deployment. The authors evaluate the framework
through expert interviews and a scenario-based evaluation
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with experts from eleven different companies and develop
an open-source web application to support interaction
during the case studies. Results confirm the framework’s
effectiveness in bridging technical and business perspec-
tives, highlighting its industry relevance.

Keywords Viability assessment - Cost-sensitive
performance estimation - Uncertainty estimation - ML life
cycle

1 Introduction

Machine Learning (ML) models used for binary classifica-
tion tasks have the potential to improve processes (Susanto
and Khaq 2024), products (Cooper and McCausland 2024)
and services (Naeem et al. 2024) across domains. To suc-
cessfully implement ML applications within organizations,
capabilities and readiness factors such as identifying, eval-
uating, and prioritizing suitable applications have been
outlined (Johnk et al. 2020; Weber et al. 2023). However,
organizations still struggle to identify promising ML projects
due to the difficulty of reliably assessing economic benefits
(Benbya et al. 2021; Weber et al. 2023; van Giffen and
Ludwig 2023). This presents a significant challenge for the
Business and Information Systems Engineering (BISE)
community.

Although organizations today must balance various
objectives, such as economic, ecological, and social ones, a
primary focus remains on ML projects that meet economic
success criteria. We call such projects “viable”. Therefore,
organizations must assess economic viability at every stage
of an ML project: before development (pre-development),
after development (post-development), and during pro-
duction (post-deployment). A central driver of economic
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viability is the ML model’s performance, which includes
the costs and benefits of correct or incorrect decisions.
Hence, two questions must be answered: What require-
ments concerning model performance (minimal perfor-
mance) must be met to achieve viability? Is the
performance of the developed/deployed model sufficient to
meet these requirements? To ensure viability, organizations
need to derive ML success criteria (Studer et al. 2021) by
connecting the business, economic, and ML perspectives of
the project (Weber et al. 2023; Duda et al. 2023). Here,
involving domain experts is crucial, as they, rather than
data scientists, identify valuable problems (van Giffen and
Ludwig 2023). Moreover, their expertise is essential to
estimating the costs and benefits of model decisions. In
addition to connecting economic and ML perspectives,
organizations must manage the “fear of the unknown” (-
Merhi 2023, p. 3), which is driven by uncertainty in
assessing viability (Klds and Vollmer 2018). Since ML
model performance determines viability, its estimation is
the primary source of uncertainty. Therefore, we pose the
following research questions (RQ):

RQ 1 How can an economic perspective be combined
with the performance assessment of machine learning
models?

RQ 2 What method can be employed to ensure the sup-
port of project decisions across the entire machine learning
life cycle, while accounting for the uncertainty inherent in
such decisions?

To begin our research, we examined existing methods
for assessing the viability of ML projects by integrating
model performance, uncertainty, and economic factors. We
conducted a systematic literature review (SLR) following
the frameworks of Webster and Watson (2002) and
Wolfswinkel et al. (2013). Our analysis revealed a lack of
methods that help decision-makers and developers to assess
viability holistically. Current literature focuses on one
specific phase, seldom considers costs, benefits, and
uncertainty simultaneously, and does not integrate the
proposed approaches into the ML life cycle.

To close that gap, we propose the Viability Assessment
Framework. At the framework’s center is a metric called
profit-per-decision (ppd), which bridges the economic and
ML perspectives, thereby addressing RQ1. To address
RQ2, we adopt a statistical perspective on confusion
matrices and derive the distribution for the metrics esti-
mator, allowing for uncertainty quantification through
confidence intervals. Furthermore, we incorporate the
metric (ppd) into a comprehensive framework to determine
viability requirements for a developed/deployed model.
The framework connects economic and ML success criteria
while factoring in uncertainty. Thus, we answer the
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previously stated question during pre-development: What
requirements concerning model performance (minimal
performance) must be met to achieve viability? To assess
viability, the framework uses the estimator. It derives a
minimum performance bound required to meet the eco-
nomic success criteria with a given uncertainty, resulting in
a viability statement: The project is viable with a certain
probability for a required model performance. Further, the
framework offers guidance to assess the probability with
which a developed/deployed model will fulfill the eco-
nomic success criteria. The result is a viability statement
answering the question: Is the performance of the devel-
oped/deployed model sufficient to meet these require-
ments? The derived statement has the form: The project is
viable with a certain probability based on the actual esti-
mated performance. With these statements, decision-mak-
ers can identify promising projects during pre-
development, make deployment decisions during post-de-
velopment, or determine whether to continue using an
application in production after its deployment. Especially
for the post-development and post-deployment phases, it is
essential to note that our framework is to be understood as
a complement, not an alternative to the usual performance
estimation process (Fig. 1).

To provide practical guidance, we demonstrate the
framework’s application using a predictive maintenance
(PdM) and condition-based maintenance (CbM) use case.
This domain is ideal due to the economic impact of model
decisions, where false positives are costly and costs/bene-
fits are quantifiable (Prytz et al. 2015; Florian et al. 2021).
Further, maintenance datasets often have small sample
sizes, especially in early production stages (Prytz et al.
2015; Bukhsh et al. 2019), increasing uncertainty of model
performance (Hastie et al. 2009). We also evaluated the
framework from a socio-technical perspective using semi-
structured expert interviews. Additionally, we conducted a
scenario-based evaluation in which experts apply the Via-
bility Assessment Framework to a former use case of a
world-leading German automotive manufacturer. In doing
so, we enabled an evaluation from a practical perspective.
A web application of the framework was implemented to
ensure realism and to enable interaction between the
framework and the experts. The results demonstrate the
framework’s necessity, emphasizing its effectiveness in
bridging economic and ML perspectives, improving
reporting, and supporting decision-making processes.
Additionally, potential improvements to the framework are
identified, which can serve as a roadmap for future
research.

Our work bridges the gap between economic and ML
perspectives by proposing a holistic ML project framework
for viability assessment — the Viability Assessment
Framework. As a result, several contributions are made.
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Fig. 1 Interaction between performance estimation and viability assessment

We derive the distribution of the profit-per-decision esti-
mator, which enables us to quantify uncertainty through
confidence intervals. Embedding the estimator within the
Viability Assessment Framework allows for the creation of
formalized viability statements tailored to project-specific
factors. The framework helps define ML requirements for
viability before model development (pre-development) and
provides a clear decision boundary after the model is
developed (post-development) or deployed (post-deploy-
ment). Further, by integrating our work into the ML life
cycle, we enable easy adoption in practice. In summary,
our work offers a method to the BISE community that
allows the identification of necessary ML requirements
based on previously defined economic criteria while con-
sidering uncertainty. We thereby enable the analysis of a
project’s viability during pre-development, post-develop-
ment, and post-deployment.

The remainder of the paper is structured as follows:
Section 2 covers foundational concepts, and Sect. 3 pre-
sents the SLR’s results emphasizing the research gap. We
introduce the framework in Sect. 4 and apply it exemplarily
in Sect. 5. Section 6 details its evaluation through inter-
views and a scenario-based evaluation involving a total of
16 PdM experts from eleven different companies. Section 7
discusses the findings from both practical and theoretical
perspectives, highlighting limitations and future avenues of
research. Section 8 concludes our work.

2 Foundations

This section conceptualizes economic viability and its
assessment from an ML perspective. To this end, we define
economic viability in reference to the net present value and
connect it to ML projects’ typical costs and benefits.

Additionally, we outline the role of uncertainty quantifi-
cation when assessing viability. Further, we introduce the
concept of receiver operating characteristic (ROC) curves.

2.1 Economic Viability from a Machine Learning
Perspective

A project is considered economically viable if it achieves a
positive financial outcome, which is typically measured
using net present value (NPV) (Lima et al. 2015; Myers
and Majluf 1984; Archer and Ghasemzadeh 1999). The
NPV is determined by the initial investment and the dis-
counted sum of annual cash flows (CF), which can be
divided into the annual benefits and costs (fixed or vari-
able) (Gaspars-Wieloch 2017). Both components can have
monetary (cost-savings vs. operational expenses) and non-
monetary components (customer loyalty vs. reputation
damage). Contingent valuation or willingness-to-pay
approaches can be leveraged to transfer non-monetary
factors to monetary values (Perni et al. 2021). As we
consider ML projects in our work, the CF depends on the
ML model’s decisions, which links the economic viability
to the model’s performance. Therefore, it is sensible to
divide the yearly CFs into two components: one that is
dependent on the model decision (CFuq.:()) and one that
is independent (CF e, (1)). In line with Gaspars-Wieloch
(2017), Equation (1) formalizes the NPV of an ML project
while r denotes the discount factor, T denotes the project
duration, and C; denotes the initial investment.

T
CFMode1 (1) + CFother (1
NPV = —C; + ) Mogel (1) + Cover(?) (1)
t=1

(14r)
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2.2 Consideration of Model-Dependent Benefits
and Costs

In the case of classification, the model-dependent CF,
derived from the benefits and costs of model decisions, is
influenced by the rates of correct and incorrect decisions —
especially the cost of different error types (false positives
(FP) and false negatives (FN)) and the benefits of correct
predictions (true positives (TP) and true negatives (TN)).

A key work on integrating costs into ML projects is
introduced by Elkan (2001), covering cost-sensitive
learning (CSL), which integrates the mentioned costs into
training, thereby guiding models to minimize expected
costs or addressing imbalanced data sets (Araf et al. 2024).
CSL typically uses a cost matrix C(i,j), quantifying the
cost of misclassifying class j. Other research also considers
the benefits of correct decisions, providing cost-benefit
matrices to quantify the cost-benefit structure of model
decisions (Florian et al. 2021). Although cost/benefit val-
ues are not the primary focus of this study, they can be
estimated based on domain knowledge (Vargas-Palacios
et al. 2023; Jiang et al. 2008) or data (Ziegelmayer et al.
2022). The idea of cost sensitivity can extend to testing.
This extension enables calculations of the expected model-
dependent CF by linking the probability of a decision with
its associated costs or benefits (see Equation (2)).

CFyogel = ZP(i[j)C(i,j),Vi,j € {positive, negative}
if

(2)

2.3 Consideration of Uncertainty

Uncertainty and its quantification are complex and ongoing
challenges in ML projects (Tyralis and Papacharalampous
2024). Various sources of uncertainty arise during the
development and deployment, such as data acquisition and
processing (e.g., label noise (Huang et al. 2022)), model
training (e.g., hyperparameter uncertainty (Bergstra and
Bengio 2012)), validation and performance estimation
(e.g., statistical (Klds and Vollmer 2018) or predictive
uncertainty (Tyralis and Papacharalampous 2024; Darling
and Stracuzzi 2018; Dewolf et al. 2022)), and deployment
and maintenance (e.g., concept drift (Baier et al. 2019)).
Especially statistical uncertainty is critical as it links the
uncertainty in performance estimation to the uncertainty of
the viability assessment. Performance estimation is usually
based on a test dataset. In the case of binary classification, a
confusion matrix is used to calculate metrics like accuracy,
recall, or precision. As the test dataset only represents a
subset of the population, the calculated metrics are esti-
mations and inherently subject to uncertainty. Therefore,
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quantifying the statistical uncertainty in performance esti-
mation is essential for deciding whether to proceed with a
project. An established method to assess statistical uncer-
tainty is the calculation of confidence intervals, which can
be estimated through parametric methods (e.g., based on
known or assumed distributions of the estimator) or non-
parametric ones (e.g., bootstrapping). Confidence intervals,
estimated through parametric methods for their robustness
(Rodopoulos and Lemon 2014) and simplicity (Correa and
Bellavance 2001), are a key approach to quantifying this
uncertainty.

2.4 The ROC Curve

The ROC curve (Fawcett 2006) is widely used for evalu-
ating the performance of binary classification models,
providing a graphical representation of a classifier s ability
to distinguish between two classes across varying decision
thresholds. It is constructed by plotting the true positive
rate (TPR) against the false positive rate (FPR), which
represents the proportion of false alarms. Mathematically,
these quantities are defined as:

TP FP

TPR=————, FPR=———
TP + FN FP + 1IN

(3)
The shape of the ROC curve provides insight into the trade-
off between TPR and FPR at different thresholds. The Area
Under the Curve (AUC) is commonly used to translate the
ROC curve into a single metric, measuring the classifier’s
discriminative power. An AUC of 1.0 indicates perfect
classification, whereas an AUC of 0.5 corresponds to a
random classifier. By analyzing the ROC curve, researchers
can compare different classification models, select optimal
decision thresholds, and assess the robustness of predictive
systems under varying conditions.

3 Related Work

To understand the current literature on viability assess-
ment, we conducted an SLR based on Webster and Watson
(2002) while adopting the five phases proposed by Wolf-
swinkel et al. (2013): define, search, select, analyze, and
present. Our review focused on the intersection of uncer-
tainty, benefits, costs, and finding a minimum/sufficient
model performance as illustrated in Fig. 2. A detailed
methodological description is provided in the Online
Appendix A (available online via http://link.springer.com).
We analyzed whether the identified literature provides
answers to the following dimensions and related questions:

1. Pre-development viability: What minimal model per-
formance must be met to achieve viability?
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Consideration
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Fig. 2 Our research is positioned at the intersection of the cost and
benefits of the machine learning model decision, the uncertainty of
estimating a model’s performance, and of finding a minimum/suffi-
cient performance regarding an economic success criterion

2. Post-development/deployment viability: Is the perfor-
mance of the developed/deployed model sufficient to
meet these requirements?

3. Life cycle integration: How are existing methods
integrated into the machine learning life cycle?

Based on these questions, we derived three key dimen-
sions that guide our analysis. The first dimension, pre-de-
velopment viability, assesses the hypothetically minimal
necessary model performance combined with a cost-benefit
analysis to meet economic success criteria while account-
ing for uncertainty. The second dimension, post-develop-
ment and post-deployment viability, evaluates whether the
actual model performance, alongside the cost-benefit
analysis, is sufficient to achieve economic success under
uncertainty. Lastly, the third dimension, life cycle inte-
gration, focuses on embedding the viability assessment
within the ML life cycle.

3.1 Overview of Literature and Assessment
of the Research Gap

We reviewed existing literature on ML viability assessment
methods and evaluated to what degree they satisfy the
different dimensions and subdimensions. Therefore,
methods were classified based on their applicability to pre-
development or post-development/post-deployment viabil-
ity assessment. We examined how they handle cost-benefit
analysis, determine minimal or sufficient performance,
consider uncertainty, and foster an integration into the ML

life cycle. Each dimension was examined, and the results
are presented in Table 1.

Costs and benefits Costs and benefits are considered to
different degrees in existing literature. A significant num-
ber of the identified articles focus only on parts of the cost-
benefit matrix. Most focus solely on the costs of FP and
FN (Holte and Drummond 2008; Drummond and Holte
2006, 2000; Hernandez-Orallo et al. 2013; Zhou and Liu
2012), whereas one article accounts for the benefits of TP
and costs of FP (Hawkins 2020). Therefore, they partially
fulfill the subdimension of cost and benefit. In contrast,
DataRobot (2024) covers the full cost-benefit matrix, ful-
filling the subdimension to three-quarters. Florian et al.
(2021) additionally include investment and maintenance
costs, thereby fulfilling the subdimension fully. All
remaining literature ignores cost-benefit aspects (Renggli
et al. 2019, 2023). As the consideration of costs and ben-
efits does not change across phases, the evaluation applies
to pre- and post-development as well as post-deployment
alike.

Minimal and sufficient performance Regarding mini-
mal performance determination during pre-development,
the literature takes contrasting views, treating it as either an
endogenous variable (e.g., Hawkins (2020)) or an exoge-
nous one (e.g., Renggli et al. (2023)).

Hawkins (2020) and Renggli et al. (2023) are the only
articles actively adressing the pre-development phase.
Hawkins (2020) treats minimal performance as an
endogenous variable and proposes a method to derive a
hypothetical performance threshold. Synthetic ROC curves
are simulated, and corresponding AUC values are calcu-
lated to assess whether a model can meet the viability
criterion. The assessment is based on predefined project
parameters, including sample size, baseline rate (positive
class ratio), minimum return on investment (ROI), FP
costs, and TP benefits. Thereby, AUC values are linked to
the viability decision. Further, a ranking scheme identifies
the minimum AUC required to meet the ROI threshold.
This is the only study offering a method that fully satisfies
the minimal performance subdimension. Regarding deter-
mining the sufficiency of the model performance during
post-development/post-deployment, the project character-
istics can be used to assess viability, thus also fulfilling this
subdimension.

Renggli et al. (2023) adopt a data-centric approach. The
method estimates the Bayes error rate for a given dataset
and compares it to a predefined target performance, “per-
forming a systematic and theoretically founded feasibility
study before building ML applications” (Renggli et al.
2023, p. 218). The minimal performance subdimension is
only partially fulfilled because it requires a predefined
target performance rather than deriving one. Moreover,
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Table 1 The table shows the analysis results of the identified literature regarding viability assessment and integration into the ML life cycle

Pre-Development
Viability
Minimal Performance Final
Performance Uncertainty Score

[ ¢} o

Post-Development/
Post-Deployment Viability

Sufficient Performance Final
Performance Uncertainty Score

Integration into
ML Life Cycle
Active
Integration

Source

Cost and
Benefit
[¢]

Cost and
Benefit

Renggli et al. (2023)
Renggli et al. (2019)
Hawkins (2020)

Florian et al. (2021)
DataRobot (2024)
Drummond and Holte (2000)
Drummond and Holte (2006)
Holte and Drummond (2008)
Zhou and Liu (2012)
Hernandez-Orallo et al. (2013)
Our approach

(¢]
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The circles indicate the degree to which the (sub-)dimension is addressed. An empty circle (O) means that the subdimension is not covered, while
a full circle (@) illustrates that the subdimension is covered fully. Circles that are filled to some degree ((D) illustrate that the respective paper
addresses the subdimension accordingly or takes a different perspective on a different subdimension. Based on how the subdimensions are met,
we obtain a final score for the dimension itself. The color-coding indicates the dimensions covered based on the paper’s scope (black) and

potential additional dimensions the method may cover but are not explicitly stated ( )

since it is not designed to assess a developed model, it does
not contribute to sufficient performance determination.

In contrast, Renggli et al. (2019) do not address minimal
performance during pre-development. However, it fully
supports the assessment of sufficient performance during
post-development/post-deployment by taking an ML-
model-centered approach to deployment decisions in con-
tinuous integration pipelines. Specifically, it evaluates
whether a new model outperforms a defined threshold or
the previously deployed model.

The remaining studies focus primarily on evaluating
developed models. While they cannot derive performance
thresholds themselves, they can assess minimal perfor-
mance relative to predefined targets, fulfilling that subdi-
mension partially. However, they all support evaluating
sufficient performance by linking model output to eco-
nomic objectives. For example, DataRobot (2024) and
Florian et al. (2021) use their respective cost-benefit
models to optimize decision thresholds and quantify the
economic impact. Other works can assess sufficient per-
formance based only on cost considerations (Drummond
and Holte 2006, 2000; Hernandez-Orallo et al. 2013; Zhou
and Liu 2012).

Performance uncertainty Hawkins (2020) quantifies
uncertainty by simulating ROC curves, calculating their
AUC values, and evaluating whether they meet a prede-
fined ROI threshold. Repeating this process establishes a
statistical link between AUC values and ROI, thereby
enabling the calculation of confidence intervals. However,
since AUC values can be ambiguous (Yu et al. 2015) and
may fail to reflect error trade-offs (Lobo et al. 2008), dif-
ferent ROC curves with the same AUC may yield different
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economic outcomes. As a result, this subdimension is only
partially fulfilled. Moreover, this method is limited to
early-stage simulations and does not apply to post-devel-
opment or post-deployment settings. In contrast, Drum-
mond and Holte (2006) and Holte and Drummond (2008)
use bootstrapping on a given confusion matrix to generate
multiple cost curves and derive confidence intervals. This
method directly quantifies uncertainty and fulfills the
uncertainty subdimension fully across all phases — for the
pre-development phase, assumed confusion matrices are
necessary. Renggli et al. (2019) define an (¢, d) criterion
under which a model is only deployed if it outperforms a
baseline with a probability of at least 1 — ¢ (e.g., 99%) and
within an error tolerance € (e.g., the width of the (1 — J)-
confidence interval). This allows for rigorous uncertainty
quantification in the post-development and post-deploy-
ment phases, resulting in full fulfillment of the subdimen-
sion in those contexts. All other studies do not explicitly
account for uncertainty, regardless of project phase.
Integration into the ML life cycle Regarding integra-
tion into the ML life cycle, the identified literature pri-
marily addresses either the pre-development or post-
development phases, which leaves a gap in comprehensive,
end-to-end integration. For example, Renggli et al. (2023)
link data quality to model performance by estimating
whether a dataset is sufficient to meet a predefined per-
formance target — but do not address how to define such a
target. Similarly, Hawkins (2020) focuses exclusively on
pre-development, whereas DataRobot (2024) and Florian
et al. (2021) target post-development, overlooking earlier
stages. Renggli et al. (2019) is the only work that explicitly
addresses two phases (post-development and post-
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deployment) by evaluating whether a new model meets a
target performance or outperforms an existing one. Yet,
they overlook pre-development assessment. In summary,
none of the reviewed articles actively integrates their
methods across the entire life cycle, which leaves this
subdimension unfulfilled.

Research gap The existing literature on viability
assessment is scarce and fragmented, as most studies focus
on isolated aspects rather than addressing these subdi-
mensions simultaneously. For instance, many studies con-
sider only the costs of false predictions (Holte and
Drummond 2008; Drummond and Holte 2006, 2000;
Hernandez-Orallo et al. 2013; Zhou and Liu 2012), without
accounting for true positive benefits or broader economic
impacts. Only one article provides a method to derive a
minimal performance boundary (Hawkins 2020), and none
explicitly supports both minimal and sufficient perfor-
mance assessment within a unified framework. Similarly,
uncertainty quantification is inconsistently addressed:
while a few articles offer robust methods (Drummond and
Holte 2006; Holte and Drummond 2008; Renggli et al.
2019), most ignore it entirely.

Moreover, existing methods are typically confined to
either the pre- or post-development phase, and no article
spans the full ML life cycle. As a result, current methods
lack a life cycle perspective and offer limited guidance on
when and how to apply viability assessments in practice.

To support real-world adoption and unlock the full
potential of these methods, viability assessment must be
systematically embedded into the ML life cycle. This
requires not only the integration and simultaneous con-
sideration of all key dimensions — consideration of costs
and benefits, determination of a minimal performance,
determination of performance sufficiency, and considera-
tion of uncertainty — but also phase-specific guidance for
their effective application.

3.2 From Research Gap to Business Risks

The current literature does not provide a holistic frame-
work to assess the viability of ML models across all phases.
In the pre-development phase, the literature lacks a clear
definition of the minimum hypothetical performance
required to achieve a specific economic criterion with a
given level of confidence. For example, Florian et al.
(2021) introduce a cost model for ML in PdM using ROC
curves, but their method ignores uncertainty. This theo-
retical gap leads to practical issues: Businesses relying on
ML-based PAM models may base investment decisions on
performance estimates without assessing their uncertainty.
Without quantifying performance uncertainty, organiza-
tions struggle to set realistic profitability and ROI expec-
tations before development. The only study that addresses

uncertainty while enabling the generation of a minimal
necessary performance during pre-development is Hawkins
(2020). Although the method quantifies uncertainty by
linking AUC values, ROI, and confidence intervals, it is
limited by the inherent ambiguity of AUC values. In
business terms, relying solely on AUC values to make
investment decisions can misallocate resources, as AUC
values ignore economic viability. Even with a high AUC
value, the model’s economic value depends on the exact
shape of the ROC curve, as FP and FN influence costs and
revenue differently. Organizations must assess viability
beyond AUC values to ensure alignment with business
goals and justify investment. The same applies to the post-
development and post-deployment phases of an ML pro-
ject. Not quantifying uncertainty, as in Florian et al.
(2021), can lead businesses to misjudge future revenue
streams and, as a result, to form unrealistic financial
expectations. Conversely, considering uncertainty without
integrating cost-benefit analysis, as in Renggli et al.
(2019), prevents businesses from rigorously translating
uncertainty into actionable economic insights, which limits
their ability to make informed decisions.

3.3 Key Challenges and Addressing the Research Gap

Based on our assessment, we identify three key challenges.
First, recent work predominantly focuses on post-devel-
opment and post-deployment assessment, but either
neglects cost-benefit considerations or fails to quantify
uncertainty. Second, there is little to no literature on
methods that actively derive performance boundaries
before model development, and those that do lack a holistic
consideration of costs and have limitations in their uncer-
tainty quantification. These limitations also prevent a
simple combination of different methods, as a change in
approach is required to address them. Third, the identified
articles propose standalone methods that are not directly
integrated into the ML life cycle, limiting their adoption in
practical settings and across industries.

The proposed Viability Assessment Framework
addresses these challenges by identifying minimal perfor-
mance for viability in pre-development and assessing if
estimated performance achieves viability in post-develop-
ment and post-deployment, all while considering uncer-
tainty. Further, it integrates seamlessly into the ML life
cycle.

4 The Viability Assessment Framework
In the previous sections, three challenges were identified:

(a) methods do not connect the performance and its esti-
mation uncertainty with project viability assessment,
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(b) methods do not assess the hypothetical viability of a
project before and actual viability after model development
and deployment, and (c) methods are not integrated into the
ML life cycle. We address issue (a) by deriving the dis-
tribution of an estimator for the profit-per-decision (ppd)
metric, which accounts for both misclassification costs and
the benefits generated from correct decisions. Thereby,
confidence intervals of the metric’s estimation can be
derived, which provide an intuitive method for integrating
uncertainty, thus resolving issue (a), answering RQ1, and
parts of RQ2. Additionally, ppd can be used to address
RQ2 by introducing a method to evaluate a project’s via-
bility both before and after model development, thereby
addressing issue (b). As viability assessment does not end
with an initial deployment, we further consider decision-
making during post-deployment. To resolve issue (c), we
propose a three-step framework — the Viability Assessment
Framework — that integrates into the standard ML life cycle
and thereby consolidates the mentioned solutions (see
Fig. 3). All steps of the framework are centered around the
ppd metric. The functionalities of the framework are also
provided in an open-source repository.'

4.1 Overview

On the surface, the Viability Assessment Framework fol-
lows three steps, centered around the ppd metric, which we
describe further in Sect. 4.2. The first step is referred to as
pre-development assessment and is positioned before the
model development. Utilizing ppd, the step evaluates the
viability of an ML project by estimating a minimum per-
formance boundary needed to meet a defined economic
success criterion with a given probability. We refer to this
performance as hypothetically minimal necessary perfor-
mance. A minimum ppd, referred to as the profit require-
ment, is one possible economic criterion. This results in a
statement that links the project’s hypothetical viability to
performance and uncertainty. It thereby supports the
decision of whether to proceed with the project and start
the development. Under the assumption that the viability
assessment has a positive outcome, the model development
process begins. The second step of the framework, post-
development assessment, comes in during the model
evaluation stage. Here, the ppd is used to assess the actual
viability of the developed model and links viability, actual
performance, and uncertainty. It results in a statement
about the actual viability and supports the decision of
whether to deploy the model. The framework’s third step,
post-deployment assessment, is a recurring reassessment of
viability, either at fixed intervals or continuously. Since the
post-deployment assessment in our framework is identical

! https://github.com/dozip/TheViabilityFramework.git
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to the post-development assessment, we will only provide a
detailed outline of the former to avoid repetition.

4.2 Profit-per-Decision

In Sect. 2, we conceptualize the NPV from an ML per-
spective, dividing annual CF into model-dependent and
model-independent components. Since model-dependent
CF, driven by the costs and benefits of correct or incorrect
decisions, are key to determining viability (e.g., influencing
feasible infrastructure costs), we focus on linking this
component to an appropriate metric. We argue that such a
metric must account for all potential outcomes of model
decisions, incorporating both the costs of misclassifications
and the benefits of correct classifications. Additionally,
relative measures are more suitable since absolute mea-
sures depend on the size of the test set. Therefore, the
expected profit per decision is a suitable metric, and the
respective mean can be used for estimation. The expected
profit per decision is generally defined as the sum of the
costs for each possible outcome, weighted by its proba-
bility. This is formalized in Equation (4).

ppd =y P(k) x C(k) (4)
kek

For a set K of distinct outcomes, the function P maps the
event k € K to the respective true probability, while the
function C maps the event to the respective costs/benefits —
positive values signaling benefits and negatives signaling
costs. Since we focus on binary classification, there are
only four possible outcomes: TP, FP, TN, and FN. The
expected value of the true ppd for binary classification is
defined in Equation (5).

ppd = crp * prp + Crp * prp + C1v * Prv + CEN * PEN
(5)

To estimate the expected value of ppd, we use the mean
profit per decision based on a given confusion matrix (see
Equation (6)) and convert the actual counts to estimated
probabilities (see Equation (7)). This estimator is unbiased
and approximately normally distributed, which allows us to
calculate one-sided confidence intervals (ClIs) (see Equa-
tion (8)). For more information on the derivation as well as
the distribution characteristics, see Online Appendix B.

—

1
ppd = —x (cTP*TP+cFP*FP+cTN*TN—l—cFN*FN)
n

(6)
ppd = cp * Prp + Cpp * Ppp + CIN * Pry + CEN * Dpy

(7)


https://github.com/dozip/TheViabilityFramework.git
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Fig. 3 The Viability Assessment Framework consists of three steps
that are integrated into the standard ML life cycle. The centerpiece of
the framework is the proposed metric, profit-per-decision, and its
estimator. These are used in the pre-development assessment to assess
the viability before any development. If the assessment is positive, the

@—zl,q* \/Var(@),oo (8)

A unique characteristic is that the expected/estimated value
of ppd can be rewritten as a function of only the true/

estimated true positive rate (TPR / 77’7?) and true negative

rate (TNR / TTVTQ) if we assume a class distribution a priori.

The rewritten function for the expected value of ppd is
formalized in Equation (9), while the parameter p,,,
denotes the proportion of positive samples in the consid-
ered dataset — referred to as base rate. By replacing the true
values with the estimated ones, we can use the estimated
rates to calculate the estimated ppd. This version of the true
and estimated ppd is central to assessing a project’s
viability.

ppd (tpr, tnr) = Ppos * (CTP wtpr+ cpy *x (1 — tpr))

+(1 = Ppos) * (CTN wtnr + cpp x (1 — tnr))
©)

standard ML model development starts. During post-development
assessment, the developed model’s viability is assessed. If viable,
deployment is carried out. Post-deployment assessment is equal to the
post-development assessment and offers a reassessment of viability
during production

4.3 Pre-Development Assessment: Using Profit-per-
Decision to Assess Project Viability Before Model
Development

The first step of our framework aims to link a requirement
for a project’s viability, such as a minimum ppd, with a
hypothetical minimal necessary estimated model perfor-
mance while considering uncertainty. The consideration of
uncertainty is characterized by the test sample size n and
the viability uncertainty «. The step results in a statement
about the project’s hypothetical viability that contains the
following information: The project is viable with a prob-
ability of 1 — o for the given profit requirement under the
assumption that a hypothetical minimal necessary esti-
mated model performance was achieved.

Before we describe the method to generate this state-
ment, we illustrate the idea more generally. Assume the
performance of a model is estimated by a generic metric
P:(TP,FN,TN,FP) — [0,1] mapping the values of a
confusion matrix to a value between zero and one. Before
the development process and data gathering start, we want
to assess what estimated performance P is needed (at least)
to achieve a minimum required true performance P,., with
a given probability (1 — ). This performance represents
the hypothetical minimal necessary estimated performance.
As a solution, we can use a left-sided confidence interval of
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the form [P —zj_,+SE, 00| and try to find the lowest

value of the estimated performance P such that the lower
bound of the confidence interval is equal to or greater than
Preg (Preg <P — 215 x SE). We denote this value as P
Assuming a test sample size of n = 100 and a minimum
required true performance of P, = 0.9 (see Fig. 4), we
analyze which value of P is needed (at least) to achieve the
true performance with a probability of at least 95%
(o = 0.05). Therefore, we consider the hypothetical per-
formances of 0.90, 0.925, 0.95, 0.975, which will be
referred to as the performance granularity. The line, rep-
resenting the lower bound of the confidence interval
([3 — Ty * SE) for an estimated performance of 0.95, is
the first to cross the dotted line at n = 100. Therefore, a
minimum estimated performance of 0.95 is required since
it is the first considered value that leads to a lower bound
above 0.9. We set P,,;, = 0.95.

This generic concept, in combination with the proposed
metric, enables the generation of a hypothetical minimum
necessary estimated performance and is the essence of the
pre-development assessment step. Here, P,,;, is not based
on an arbitrary minimum required true performance P,
but on a minimum required ppd, establishing a link
between economic and ML perspectives. The step consists
of three substeps: initialization (1.1), computation (1.2),
and the viability statement (1.3), which are illustrated
in Fig. 5.

In step 1.1, different parameters need to be set, such as
the cost-benefit matrix C, which depends on the project,
and the viability uncertainty, which will most likely be set
by management. The parameters necessary for the com-
putation, such as the considered sample sizes, assumed
base rate, and considered performances (performance
granularity), need to be set as well. Especially the defini-
tion of the cost-benefit matrix is a central challenge and
essential for linking economic and ML perspectives, with
approaches varying by domain. In cancer detection, Var-
gas-Palacios et al. (2023) derive costs from domain
experts, while Ziegelmayer et al. (2022) use medical data
and literature. In churn prediction, studies show that
acquiring new customers is five times more expensive than
retaining current ones, guiding the cost estimates (Wagh
et al. 2024; Gui 2017). For predictive maintenance,
downtime, part, and labor costs can be used to define both
costs and benefits (Prytz et al. 2015). After the definition of
all required parameters, the hypothetical minimal neces-
sary estimated performances are generated for the consid-
ered sample size (step 1.2). Similar to the generic concept,
we want to find a minimum estimated performance to
achieve a minimum required true ppd with a given prob-
ability. In this case, ppd is set to zero. As demonstrated in
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Equation (9), the value of ppd/p?g can be calculated using

the true/estimated TPR/TPR and TNR/ 77\/73 which means
that the minimum estimated performance is not only a

scalar but a tuple of TPR and TNR. Therefore, we are

looking for all combinations of TPR and TNR that will lead
to a true ppd greater than zero with a given probability.
With a performance granularity of 0.01, all values between
zero and one in 0.01 steps are considered:
(0, 0.01, 0.02, ..., 0.99, 1). Formally, we are interested in
all combinations of TPR and TTVT?, such that the condition
below holds (see Equation (10)). In essence, we again try to
find the smallest value P,,;, such that P, < P— Z1-o * SE.

0< p/pg<ﬁ\R, 77\]73) — Z1—alpha

o\ var (ppa (TPR, TR)

As the main interest lies in the minimum performance, only
the first tuples that fulfill the condition are considered. For

example, if (ﬁ, 77\172) = (0.8,0.9) and (ﬁ, ﬁ\f?{) =

(0.81,0.9) both fulfill the condition, we only consider the
first one. Due to a trade-off between errors, more than one
single tuple will usually be identified. By trade-off, we
mean that one more FP error can be equalized by a certain
number of fewer FN errors. The set of all identified com-
binations is used to perform a linear regression, which
describes the performance bound functionally, as illus-
trated in Equation (11).

(10)

TNR = c —m*TPR

(11)

The variable m estimates the trade-off between FP and FN
model decisions regarding the minimal required true ppd
(e.g., m = 2 = a one percentage-point decrease in TPR can
be equalized by a two percentage-point increase in TNR).
The extracted linear relationship generates a viability
statement regarding the viability uncertainty and sample
size. Online Appendix C contains a more detailed
description of the method. In step 1.3, the results are
reported visually by plotting the found set of tuples toge-
ther with the respective linear regressions, described in
more detail in Sect. 5. The results are reported textually by
generating the viability statement:

The project is viable with a probability of 1- o for a required true ppd
of zero if TNR > ¢ — m x TPR holds for the estimated model
performance if it was tested with n samples. For every percentage-
point decrease in TNR, m percentage-points in TPR are to be gained
to conserve viability.
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Fig. 4 Visual illustration of generating a minimal performance P,
for a minimal required P,, one. The vertical line represents the
minimum required performance, while all other lines represent the

values of a confidence interval’s lower bound over sample size for a
given value of P. For example, the lowest line describes the
development of the lower bound over sample size for P = 0.9.
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Fig. 5 The first step, pre-development assessment, is divided into
three substeps. During the initialization (step 1.1), different param-
eters are defined. During the computation (step 1.2), the assessment is

4.4 Post-Development Assessment: Using Profit-per-
Decision to Assess Project Viability After Model
Development

Post-development assessment is the second step of the
framework and introduces project viability to the typical
evaluation process. In contrast to step 1, we link a project’s
viability to an actual estimated model performance under
uncertainty considerations by applying the proposed metric
ppd to a confusion matrix. This matrix is the result of
evaluating the model on a final global holdout set. To offer
more guidance during the application, the step is also
divided into three substeps (Fig. 6). The three substeps are

carried out. During the viability statement (step 1.3), the results are
presented visually and textually in the form of a statement

initialization (2.1), evaluation (2.2), and the viability
statement (2.3).

During initialization (step 2.1), the viability uncertainty
o, the cost-benefit matrix C, and the used test sample size
need to be defined. Then, a model is evaluated, which
results in a confusion matrix. The matrix is used to estimate
ppd, and the relevant left confidence interval is calculated
(step 2.2). Lastly, during step 2.3, the CI is used to generate
the actual viability statement:

The lower bound of the 1 — 0% confidence interval of the profit-per-
decision is X. Based on the actual estimated profit-per-decision ];)E R

there is a p% chance to estimate @ or larger if ppd is zero.
Therefore, the project is viable with (1 — p)% probability.
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Fig. 6 The second step, post-development assessment, is divided into
three substeps. During the initialization (step 2.1), different param-
eters are defined. During the evaluation (step 2.2), the project’s actual

5 Exemplary Application

This section applies the Viability Assessment Framework
to a real-world use case, demonstrating its application from
the initial concept to model monitoring. We emphasize its
three steps (pre-development, post-development, and post-
deployment), which thereby complement frameworks like
MLOps (Kreuzberger et al. 2023). The section aims to
provide detailed practical guidance on the framework’s
application based on a public real-world dataset. The
described workflow aligns with the workflows and deci-
sion-making processes outlined by industry experts in
interviews and the scenario-based evaluation, having
experience in managing and developing models for ML-
based PdM applications.

5.1 Example Use Case: Air Pressure System of Scania
Trucks

To illustrate the Viability Assessment Framework, a
common dataset in PAM and CbM is used, containing real-
world data from Scania trucks. The dataset” provides real-
world operational data related to the air pressure system
(APS), which controls braking and gear shifting functions.
Positive samples indicate failures in a specific APS com-
ponent, while negative samples represent normal operation.
The classification task is to predict maintenance needs
(class 1: failure, class 2: no failure). We use the dataset as
an example and take, if available, parameters from other
articles and repositories that utilize the same data. Further,
the dataset is used to train a model and showcase the uti-
lization of the post-development and post-deployment
assessment.

5.2 Pre-Development Assessment

Imagine a logistics company managing a large fleet of
trucks, striving to reduce downtime and improve

2 https://www kaggle.com/datasets/uciml/aps-failure-at-scania-
trucks-data-sethttps://www kaggle.com/datasets/uciml/aps-failure-at-
scania-trucks-data-set (Accessed 30 Dec 2025)
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viability is assessed. During the viability statement (step 2.3), the
results are presented textually in the form of a statement. The post-
deployment assessment is conducted in the same way

operational efficiency. A business stakeholder is tasked
with developing an ML-based PdM application to antici-
pate failures before they happen, minimize costly break-
downs, and optimize fleet performance.

Before committing resources, she wants to assess how
project characteristics (e.g., costs for an FP), managerial
guidelines (e.g., viability uncertainty), and business direc-
tives (e.g., profit requirements) are connected to the per-
formance of a potential ML model. She aims to determine
the performance needed to meet the profit requirement and
whether such performance is achievable.

Using the Viability Assessment Framework, she aligns
economic success criteria with ML success criteria, lever-
aging pre-development assessment functionalities that
provide additional guidance regarding the necessary
parameters and information. This structured decision sup-
port provides clarity on whether the investment is justified
before full-scale development is initiated. Therefore, she
collaborates with the after-sales team to define a cost-
benefit matrix, which quantifies the costs and benefits of
model decisions, a profit requirement that sets the mini-
mum expected profit based on model outcomes, and the
viability uncertainty that defines the maximum probability
of failing to meet the profit requirement. Additionally, she
coordinates with engineering teams to assess data avail-
ability, determine possible train and test dataset sizes, and
estimate failure rates.

As a result of her consultations, a cost-benefit matrix is
defined as C =(15.0, —16.5, 0.0, —1.5) (in 1,000
currency units (CU)) (Prytz et al. 2015), where c¢; repre-
sents the benefit of correctly predicting a failure, ¢, the cost
of missing a failure, c3 the neutral gain of correctly pre-
dicting no failure, and c4 the cost of a false failure pre-
diction. Furthermore, the viability requirement is set at
80%, the profit requirement is 0 CU, the base rate is
assumed to be 1%, and the assumed future test dataset
consists of 1,000 samples. To determine the hypothetical
minimum required performance, she runs the pre-devel-
opment assessment step of the Viability Assessment
Framework, obtaining the following visual results con-
taining the exact performance bounds (see Fig. 7a) as well


https://www.kaggle.com/datasets/uciml/aps-failure-at-scania-trucks-data-set
https://www.kaggle.com/datasets/uciml/aps-failure-at-scania-trucks-data-set
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as textual results building on the linear regression as
described in Sect. 4.3.

A viable model tested on 1,000 samples requires a minimum TPR of
64%. For every 1%-point decrease in the TNR, the TPR must increase
by 4.3 percentage-points to maintain viability.

Based on these results, she consults domain experts,
reviews past projects, analyzes reported performance in
research papers, and adds identified benchmarks (Costa and
Nascimento 2016) to the results from the pre-development
assessment (see Fig. 7b). Then, she presents the results to a
steering committee in her company consisting of other
business stakeholders. The committee deems the necessary
performance achievable as the identified benchmarks are
above the performance boundary. Consequently, she initi-
ates the model development phase.

5.3 Model Development

Before model training, the necessary data is collected and
divided into training, validation (optional), and test sets.
Here, the pre-development assessment guides the split by
analyzing how the test dataset’s size influences the viability
boundary. If increasing the test sample size has a negligible
impact on the performance boundary, the test dataset’s size
is finalized (Fig. 8a). A developer sets up an XGBoost
classifier and fine-tunes its hyperparameters using Grid
Search with 10-fold cross-validation on the training set. He
uses the test set as a single data fold to evaluate model
performance. Aware of the highly imbalanced class dis-
tribution, he integrates SMOTE (Chawla et al. 2002),
applying it dynamically to each fold during the GridSearch
to improve class balance.

5.4 Post-Development and Post-Deployment
Assessment

After model development, its viability must be assessed
before deployment. The developer evaluates the model
using 2,000 test samples and optimizes the decision
threshold by leveraging ROC curves to balance sensitivity
and specificity. The resulting confusion matrix’ is used in
the post-development assessment step of the framework,
assessing the viability based on a 20% viability uncertainty.
The post-development step produces visual decision sup-
port (Fig. 8b) that directly indicates whether viability is
achieved, supplemented by textual information offering
further details and context on the viability assessment:

* TP: 43, FN: 18, TN: 1867, FP: 72.

The lower bound of the 80% confidence interval of the profit-per-
decision is 68.96 CU. Based on the actual estimated profit-per-
decision of 120.00 CU, there is a 2.0% chance to estimate 120.00 CU
or larger ifppd is zero. Therefore, the project is viable with 98%
probability.

The development team reports the viability statement
alongside the figure to the business stakeholder, presenting
it again to the steering committee. The members of the
committee can use the provided information to decide
whether the current model has sufficient performance to be
deployed. The confidence of viability (98.0%) is above the
required 80%.

As the model has a 98% chance of achieving the defined
profit requirement, the ML model is deployed. After
deployment, performance should be continuously moni-
tored and evaluated. The Viability Assessment Framework
can be utilized by the performance-monitoring team to
reassess viability continuously based on new field data and
decide whether to maintain the model in production or
initiate retraining. Furthermore, the team can use the esti-

mator (ﬁ)}) to compare the profit of a new model against
the current one, ensuring data-driven decision-making.
Additionally, when planning a new project, other business
stakeholders can leverage the results of this project to
benchmark the achievable performance of their project.
This is particularly valuable during the pre-development
assessment, helping them to determine whether the hypo-
thetical minimum necessary performance is realistic before
committing further resources.

5.5 A Final Remark

We would like to add a final remark on the exemplary
application. This section presents a simple workflow
demonstrating how the Viability Assessment Framework
can support viability assessments throughout different
phases of an ML project. For instance, before presenting
results to the committee, the framework can be used for
scenario analysis, exploring various profit and viability
requirements. Similarly, in post-development or post-de-
ployment, the model can be evaluated to estimate the
probability of incurring a specific loss or achieving a cer-
tain profit, providing insights into both potential benefits
and risks.

6 Evaluation

We evaluated the Viability Assessment Framework using
two methods to conduct a practice-oriented evaluation
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Fig. 7 The figure shows how the Viability Assessment Framework can be utilized. Subfigure (a) shows the results of the pre-development
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Fig. 8 The figure shows how the viability assessment framework can be utilized. Subfigure (a) explores boundaries for various test dataset sizes,
thereby supporting the data split decision, while (b) compares the boundary to the actual model performance

from a socio-technical perspective: semi-structured inter-
views and a scenario-based evaluation. The interviews
evaluated the framework from multiple perspectives by
engaging industry experts who advise companies on ML
use case identification, development, deployment, and
monitoring, as well as data scientists working on PdM
applications — ranging from early proof-of-concept (PoC)
stages to production-ready solutions. The interviews were
carried out in three rounds with a total of eight experts from
six different companies. The scenario-based evaluation
adopted a practice-oriented approach, which enabled
experts to interact with the framework’s functionalities
through a dedicated web application, facilitating hands-on
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evaluation in a realistic setting. The scenario-based eval-
uation was conducted in two rounds using a past use case
from a world-leading German car manufacturer. Overall,
eight experts from six different companies took part in the
scenario-based evaluation. In total, 16 experts from 11
companies evaluated the framework.

6.1 Interview Study

To evaluate the necessity and suitability of the Viability
Assessment Framework, we conducted semi-structured
expert interviews. Semi-structured interviews offer the
benefit of acquiring opinions (Hammarberg et al. 2016)
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while enabling a more adaptable interview situa-
tion (Adams 2015).

For the initial interviews, we selected the initial inter-
viewees purposely, inspired by Glaser and Strauss ’s
(1967). We selected the first three interviewees (I1-13) for
their expertise in consulting organizations in identifying,
implementing, and maintaining ML applications, allowing
us to evaluate the framework for business decision-makers.
Based on the pre-screening of the data, subsequent inter-
viewees were chosen. The second set of interviewees (I4-
16) consisted of specialists with expertise in ML tech-
niques, in order to gain deeper insights into the actual
usefulness of our framework for developers. The final
round of interviews (I7-I8) aimed to acquire more insights
from different fields and domains while increasing the
collected data. Furthermore, the last round was used to
analyze theoretical saturation (Glaser and Strauss 1967). In
total, we conducted eight interviews with eight different
participants from six different companies, with an average
duration of thirty-seven minutes. A detailed description of
the interview structure is provided in Online Appendix D
while an overview of the interviewees can be found

in Table 2.
6.2 Scenario-Based Evaluation with Industry Experts

To complement the interview results, we conducted a
scenario-based evaluation with eight experts from six dif-
ferent companies over two rounds, applying the Viability
Assessment Framework to a past use case of a world-
leading German car manufacturer. Below, we provide an
overview of the general approach and process.

Use case We considered a former supervised learning
problem for diagnosing APS failures in premium vehicles,
aiming to classify the system as operational or at risk of
failure. Here, p € [0,1] represents the continuous, nor-
malized probability of APS failure, derived from sensor
readings and operational data. We defined a binary failure
label y € {0, 1}, mapped from p based on a threshold try;
such that:

1, P > gl

y:{a

Repair shops labeled the ground truth based on workers’
APS assessments, identifying necessary repairs (TP) or
unnecessary ones (FP). FN arise from breakdowns due to
APS failure or repairs during routine inspections. The ML-
based PdM model was trained on the dataset D =
{(xD,p@ y}Y  where N is the number of vehicle
records. Features included APS sensor readings (e.g.,
pressure or temperature), operational parameters (e.g.,
engine load or acceleration), and vehicle-specific data (e.g.,

(12)

otherwise

age or maintenance history). Due to disclosure rules, in-
house data was replaced with public data, though the use
case remains aligned.

Web application To enhance the realism, we deployed
the framework as a web application. The web app has three
main functions: (1) introducing the Viability Assessment
Framework within a typical project workflow (e.g., CRISP-
DM or MLOps), (2) enabling intuitive pre-development
assessments via an input form for use-case parameters and
result analysis, and (3) supporting post-development and
post-deployment assessments. A detailed overview is pro-
vided in Online Appendix E.

Process of the scenario-based evaluation The overall
process is outlined in Fig. 9. After a brief introduction, the
use case was illustrated. Participants went through the use
case twice, progressing through the pre-development and
post-development steps — once on their own and once using
the framework. In the first iterations, experts were asked to
describe their approach to answer the central question for
each step. Then, the use case was revisited utilizing the
framework’s web application. Participants could modify
key parameters, such as the test dataset’s sample size or
viability uncertainty, to explore different scenarios. At the
end, we presented a standardized set of questions assessing
the framework’s usefulness, the relevance of the provided
information, and the likelihood of integration into partici-
pants’ workflows.

Participants and analysis For the scenario-based eval-
uation, we selected eight additional experts from six dif-
ferent companies possessing extensive industry experience
and expertise in ML-based PdM for two rounds. In the first
round, we worked with experts from manufacturers who
were closely familiar with the use case. In the second
round, we extended the evaluation to PAM experts from
various companies, who were not fully familiar with the
specific use case but had strong expertise in ML develop-
ment and ML-based PdM. Each expert is experienced in
developing early ML-based proof-of-concept solutions and
transitioning them to production. An overview of the
experts is provided in Table 3. The analysis followed the
same structured approach as for the interviews, provided in
Online Appendix D. Additionally, responses to the closing
questions were analyzed.

6.3 Synthesis of Results

In this subsection, we present the findings from the inter-
views and scenario-based evaluation in a synthesized and
aggregated form, identifying overarching themes and sup-
porting them with expert quotes. The source of each quote
is indicated by the prefixes: “I” for interviews and “C” for
the scenario-based evaluation.
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Table 2 Overview of interview experts

ID Professional Title Related Industry Company ID Experience (Years) Duration (Min.)
Interview Round 1 - Focus on Decision-Makers from the Business Perspective

11 Consultant Production & Operations Consulting A 2 40
12 Senior Manager — Data Science Data Science & Consulting B 7 30
13 Data Scientist Data Science & Consulting B 7 34
Interview Round 2 - Focus on Decision-Makers from the Development Perspective

14 Product Owner PdAM Automotive C 7 35
15 Machine Learning Expert Construction Industry D 8 48
16 Data Scientist Pre-Development Automotive C 4 26
Interview Round 3 - Focus on Additional Data Collection and Saturation

17 Project Manager & Data Scientist ~ Data Science & Consulting E 4 43
18 Consultant IT & Strategy Consulting F 2 40

- L

FA - O i o
() () = B
v a na (]
Use Case The Expert’s Viability Assessment Viability Assessment Closing
Introduction Typical Workflow Framework Introduction Framework Application Questions

Fig. 9 The figure illustrates the different stages of the scenario-based
evaluation from (1) the use case introduction, (2) experts describing
their usual approach, (3) introducing the Viability Assessment

We identify five overarching themes: (1) the necessity of
our Viability Assessment Framework, (2) the framework’s
usefulness from an organizational perspective, (3) the
framework’s usefulness from an operational perspective,
(4) prioritizing cost vs. uncertainty in viability assessment,
and (5) improvements and challenges. Although the data
provides other insights, such as maintenance schedules and
the ability to replace components or modules, we focus on
the dimensions and subdimensions relevant to evaluating
our framework.

Necessity During the interviews and scenario-based
evaluation, experts emphasize the importance of consid-
ering two perspectives where “one perspective is technical
and the other one is economic” (C2). However, experts
agree that there is a lack of methods that align the eco-
nomic perspective of a project with its ML perspective —
especially before model development — constituting the
necessity of the Viability Assessment Framework. C8
states that “linking business and ML metrics is a crucial
and important, yet unresolved issue in industry”. Further,
12 emphasizes that not deriving ML success criteria from
an economic perspective is “exactly the blind flight [de-
velopers are] doing today. They say ’best-can-do’, but it’s
not clear what the target [performance] is”. This statement
is supported by I5: “What is often unclear to colleagues is
what the target metrics should be. They tend to say there
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Framework, (4) the application of the Viability Assessment Frame-
work, to (5) closing questions

shouldn’t be any errors, so I find [the Viability Assessment
Framework] very helpful”. I8 describes that in his expe-
rience “organizations frequently do not know what they
want and define [...] requirements arbitrarily [...] leading to
irrational decisions”. Further, C4 critiques the current
process, noting that it starts with model development
before linking model performance to the business case,
whereas he would prefer to define performance criteria
first. Additionally, the business case is usually not properly
calculated, leading to a misalignment between economic
and ML perspectives (I2, C2). A tool to support the
alignment by connecting business, economic, and ML
perspectives is “currently unavailable” (I12). C6 states that
“there should be more tools [like the Viability Assessment
Framework] because tools in this area are missing.” Most
experts who applied the framework via the web app
(C1-C7) showed strong interest in integrating the frame-
work into their workflows. One expert (C2) was especially
enthusiastic, requesting to share the application internally
with product owners, underlining the need for and neces-
sity of the proposed framework.

Usefulness from an organizational perspective During
the interviews, the benefits of the Viability Assessment
Framework from an organizational perspective become
evident, particularly in project management. The frame-
work is seen as a potential way to enable portfolio
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Table 3 Overview of experts

ID Professional Title Related Industry Company ID  Experience (Years) Duration (Min.)
for the scenario-based
evaluation Round 1 - Companies Use Case Experts

C1 Data Scientist Automotive C 10 46

C2 Data Scientist Automotive G 9 56

C3  Data Scientist Automotive C 5 45

C4 Data Scientist Automotive C 4 50

Round 2 - Experts from Other Companies with Partial Use Case Familiarity

C5 ML Engineer Software Development H 7 40
C6 Data Scientist Automotive I 2 50
C7 Data Scientist Automotive J 6 57
C8 Data Scientist Consulting K 9 61

management as it puts a profit uncertainty tag next to each
project — during pre- and post-development alike (I2). This
enables project managers to prioritize possible applica-
tions, adding additional value as project managers are
driven by two things: “risk and profit expectations” (I5).
Further, the integration of the framework into the organi-
zation’s project management can ensure consistency with
broader goals. For example, costs and uncertainty thresh-
olds (e.g., 99%) “must not be arbitrary” (IS) and are ideally
aligned with sales and marketing. Additionally, the
framework would standardize, objectify, and clarify the
decision-making process across an organization, increasing
its transparency. C2 explains how “there is currently no
standardized framework for the decision-making process
[in ML projects], leading to subjective decisions based on
rule-of-thumb estimates”.

Usefulness from an operational perspective The frame-
work’s usefulness for operational tasks encountered during
ML projects is a key aspect repeatedly emphasized. Experts
highlight the framework’s usefulness in aligning goals
across disciplines by encouraging stakeholders to con-
tribute their expertise. Below, we outline key aspects to
illustrate how the framework supports goal alignment and
interdisciplinarity.

Some experts categorize the Viability Assessment
Framework as an “expert tool” for different reasons,
influencing the understandability of the decision support
(I1-15, C5, C7, C8). For one, the framework increases the
overall complexity of the decision by introducing uncer-
tainty (I1-13, I5, C7, C8). 14 emphasizes that the value of
the framework during pre-development is especially given
if an expert can judge which performance is common and
what current benchmarks are. Another reason mentioned is
that the provided information “is not suited for manage-
ment” (I5). C5 states that “the tool would likely be best
handled by someone operating at the intersection [of
business and technical perspectives.]” Yet, experts agree
that the provided information facilitates reporting towards
management, emphasizing the reporting and translation

capabilities of the framework (I12-16, C1-C3, C5-C7). 16
states that the visual and textual information is “highly
appropriate for management meetings [and is a nice] sell-
ing slide” which is supported by C2 stating that the
framework acts as “a translation tool between the devel-
oper and business stakeholder”. Further, C3 emphasizes
that integrating boundaries with actual measured perfor-
mance enhances reporting effectiveness, while C8 sees
benefits in “raising awareness for different, important
components among non-technical stakeholders or junior
developers when analysing a use case, [...] especially
during early ideation phases to identify use cases that are
doomed from the start.” The translation capabilities com-
plement the framework’s ability to support finding a target
performance (12, 14, 15, 17, C3, C4), which directly aligns
with the experts’ rationale for its necessity. 12 describes
that “if the business side of an organization could define a
requirement and simply translate it, it would be super,
super helpful”. Additionally, understanding “when a
model is a good model” (I4) and identifying “where I need
to go with my performance based on a theoretical threshold
would have been helpful during past discussions” (I5).
These benchmarking capabilities are highlighted by mul-
tiple experts (I7, I8, C2, C5-C7). For example, C2 states:
“If I’ve done a similar project with a comparable compo-
nent, I can use its performance to assess my current pro-
ject’s viability early on.” Furthermore, I7 mentions that,
based on the visualization, he considers the exemplary
project to be ambitious, as it requires achieving a minimum
TPR of 80% with an FPR of 10%. The interaction between
the interviewee and the framework illustrates how the
provided information can be used to assess the project’s
viability. Additionally, I7 explains how he would “refer to
literature, review past projects, or consult experts to
determine how well models typically perform for this
application”. I8 would use the framework in a similar
trajectory, by comparing past projects within the same
domain and determining if the derived ML success crite-
rion is achievable. C7 emphasizes that when multiple
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models are developed, the resulting performance boundary
plays a key role in distinguishing between good and poor
models. In addition, experts highlight the framework’s
quality gate capability throughout the project, particularly
during the iterative model development process, where
usually multiple PoCs are developed (C1-C3, C7). By
aligning goals early on, preliminary results like PoCs can
be assessed against defined targets, enabling business
stakeholders to guide developers while providing devel-
opers with clear performance goals, and reducing the need
for self-set benchmarks (C1, C4). Further, the framework
provides a clear decision boundary based on pre-defined
and aligned economic success criteria and uncertainty
thresholds (I5, C3, C4).

Moreover, the framework stands out positively by
enhancing the availability of relevant information (11, 13,
14, 15, C1-C7). I3 states that the framework “provides
additional information” while Il emphasizes that the
visualization aids in capturing the illustrated information.
Furthermore, the experts agree that the framework supports
decision-making by enhancing the ability to decide (12),
increasing trust in the decision (I3), and providing a greater
sense of security during the decision-making process (12).
12 also states that the framework might help to solve
decision vacuums, as developers and management can
more clearly define who makes which decisions.

While most experts view the framework’s operational
usefulness positively overall, 16 expresses skepticism that,
while the additional information is relevant, it is not clear
how the information would help to make a decision more
confidently. C8 takes a more critical stance, arguing that
the current version of the framework relies on too many
assumptions (e.g., available cost data) and oversimplifies
real-world scenarios. It is argued that “the cost-perfor-
mance relationship is either too trivial, where no tool is
necessary, or too complex for the framework” (C8).
However, a potential value for non-technical stakeholders
or junior developers is acknowledged, especially if its
functionality is expanded (C8). Nevertheless, most experts
deem the Viability Assessment Framework highly useful
from an operational perspective.

Cost vs. uncertainty The experts’ opinions diverge on
which information is more critical: costs or uncertainty.
Some argue that cost is more important, others believe that
uncertainty is more important, while some emphasize that
the combination is key. 16 states that the information about
uncertainty is nice to have and “important for the man-
agement to deal with possible risks [...], but developing a
feeling for how much a wrong prediction costs” is central
for decision-making. I3 takes an opposing stance by
emphasizing “that the uncertainty is the more important
information”. Other experts express that “the combination
is highly beneficial”. 14 describes that “costs are key
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because if the model performs poorly, it would never be
implemented. However, security also plays a significant
role, as uncertainty should be minimized”. This perspec-
tive is shared by 17, who states: “I need both, but if I had to
choose one, I would prioritize the costs.” C7 also stresses
that the additional consideration of uncertainty is highly
beneficial, while C8 explains that uncertainty must always
be considered.

Improvements and challenges During the interviews and
scenario-based evaluation, several improvements to the
framework are proposed. 17, C8, and I8 emphasize that
consideration of project costs in “absolute numbers” (17,
C8) would be interesting as well as “the expected net profit
to prioritize projects” (I8). C3 also emphasizes that addi-
tional information about “which [maximal] profit can be
achieved” would be helpful. C7 notes that treating costs as
non-deterministic could enable sensitivity analysis,
enhancing overall usefulness. Further, the extension of the
visual decision-support is emphasized. During pre-devel-
opment, the framework generates boundaries and uncer-
tainty. Experts suggest adding multiple lines to show
hypothetical performance, different uncertainty thresholds,
or fixed profits, thereby enabling scenario analysis (C4, C7,
C8). This idea also applies to post-development, where 17
proposes using ROC curves to refine decision thresholds.
C7 suggests using color-coding to distinguish preferable
and non-preferable areas, and adding arrows next to the
axis titles to help non-technical users understand how the
metrics should be interpreted. Additionally, experts
emphasize the need to show not just the probability of
achieving a defined profit but also the risk of zero or
negative outcomes, thereby focusing also on the consid-
eration of risk (15, 16). I5 notes that decision-makers need
to compare probabilities of, for example, making $50
versus losing $20 per decision. This would better address
both benefits and risks in decision-making. Further,
applying the framework poses challenges on its own. C2
highlights difficulties in quantifying the costs and benefits
of model decisions and mitigating the risk of subjective
bias or external influences in value selection. On the matter
of quantifying costs, C4 takes an opposing view: “If we
correctly identify a failure, we aim to bring the customers
into our repair shop. Each task or maintenance in our repair
shop generates direct financial benefits, allowing us to
quantify the value of a true positive, depending on the use
case.” Further, 12 mentions that developers, as well as
management, must trust the framework in the first place,
emphasizing the necessity to define requirements for
usage. C1 and C7 comment on the risk of manipulating
results, highlighting the need for defined requirements
when using the framework, as well as clear guidelines for
validation. Lastly, C5 mentions that for a real-world
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implementation, firm-specific particularities must be

considered.

7 Discussion

Organizations still struggle to identify promising machine
learning (ML) projects due to the difficulty of correctly
assessing the economic benefit (Benbya et al. 2021; Weber
et al. 2023). Therefore, rigorous viability assessment is
crucial, as it links the estimation of the ML model’s per-
formance to potential economic success while considering
estimation uncertainty.

Through a systematic literature review (SLR) on via-
bility assessment, we found that existing literature pre-
dominantly addresses either the costs and benefits or the
estimation uncertainty, but rarely integrates both, while
typically not being explicitly embedded into the ML life
cycle. To close this gap, we proposed the Viability
Assessment Framework, which shifts the focus to an eco-
nomics-centered assessment of ML projects. The frame-
work consists of three steps: Pre-development assessment,
which estimates the hypothetical minimum necessary
model performance for project viability, post-development
assessment, and post-deployment assessment, which both
evaluate whether the actual performance is sufficient for
project viability. All phases are centered around an esti-
mator for the expected profit-per-decision of the underlying
ML model. We showcased the framework’s capabilities by
applying it to a public, real-world predictive maintenance
dataset, demonstrating how it can inform decision-making.
Further, we evaluated the framework through expert
interviews from management and development perspec-
tives, as well as by means of a scenario-based evaluation
applying its web-based implementation to a real-world use
case from a leading German automotive manufacturer. In
total, 16 experts from eleven different companies partici-
pated in the evaluation.

In the remainder of the discussion, we explore potential
extensions to our framework, summarize theoretical as well
as practical contributions, and highlight limitations.

7.1 Potential Framework Extensions

During the evaluation, experts suggested different possi-
bilities for extending and refining the Viability Assessment
Framework.

Visual decision support Extensions to the visual deci-
sion support could integrate multiple economic and
uncertainty criteria, adding risk perspectives. Showing
multiple lines for different profit and viability uncertainties
during pre-development assessment could offer a broader
view of benefits and risks. The requested lines can already

be generated within the current framework, as it allows for
dynamic adjustments of viability uncertainties and eco-
nomic criteria. During post-development assessment,
combining the graphs from the post-development assess-
ment with ROC curves could help refine thresholds and
more accurately assess risks and benefits. Since ROC
curves are standard in performance evaluation, they could
be easily integrated by adjusting the axes to show TPR
versus FPR, where FPR =1 — TNR.

Additional cost and benefit consideration An extension
of our framework could include additional costs and ben-
efits. Non-monetary factors could also be integrated by
translating them into monetary values (Perni et al. 2021).
The different factors could be integrated either determin-
istically or stochastically. Deterministic integration would
assume fixed values for costs and benefits. No additional
adaptations of the method would be necessary, as they
would simply translate to the mean of the estimator’s dis-
tribution, enabling a direct estimation of the NPV.
Stochastic integration would treat these factors as random
variables, accounting for uncertainty. If normality and
additivity were assumed, both the deterministic and
stochastic integration would not alter the framework’s
general functionality, as distributions for the NPV esti-
mator could be readily derived. Both approaches would
allow for a more comprehensive analysis that assesses
whether the model’s performance would be sufficient to
achieve a positive NPV while accounting for uncertainty.

Scenario analyses The current version of the framework
enables scenario analysis both within one project and
across multiple projects at different phases. For instance,
during the pre-development phase, the framework facili-
tates the analysis of various cost-benefit structures related
to model decisions, minimum economic criteria, uncer-
tainty thresholds, and test sample sizes. When applied
across projects, the framework supports scenario analysis
by deriving the hypothetical minimum model performance
necessary for different projects — given identical economic
and uncertainty criteria. This enables the selection of pro-
jects that can achieve the same economic outcome with the
same probability but with lower model performance. As a
result, the framework provides a method for prioritizing
projects during both pre- and post-development, addressing
a critical challenge in real-world applications (Weber et al.
2023). However, the current implementation is time-con-
suming. Introducing a more intuitive and direct approach to
scenario analysis would enhance the framework’s
usefulness.

The extensions for visual decision support and addi-
tional cost-benefit considerations mentioned by the experts
could enhance the scenario analysis capabilities of our
framework. The visual enhancements would allow for a
better risk and profit assessment across scenarios for one
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application, while the integration of additional costs and
benefits would provide a more thorough evaluation across
ML projects.

Other applications Our framework was exemplarily
applied and also evaluated in connection with predictive
maintenance. Yet, it can be easily adapted to other binary
classification use cases, like for predicting product failures
in manufacturing (Frumosu et al. 2020) or credit scor-
ing (Yotsawat et al. 2021). Furthermore, the framework
could also be extended to a multi-class problem, as the
resulting confusion matrix also follows a multinomial
distribution. Given a cost-benefit matrix (Wang et al.
2020), while acknowledging the challenge of estimating
reliable values, the method remains applicable to determine
a performance boundary.

7.2 Contributions to Theory and Practice

Our work offers valuable contributions to both theory and
practice from a conceptual as well as an operational per-
spective. The SLR identified a clear gap, as most articles
focus on assessing developed or deployed models, lack a
holistic view of costs and benefits (Drummond and Holte
2006; Holte and Drummond 2008; Hawkins 2020; Renggli
et al. 2019), or neglect uncertainty considerations (Florian
et al. 2021; DataRobot 2024). From a theoretical perspec-
tive, we addressed this gap by introducing the profit-per-
decision estimator and deriving its theoretical distribution
to link model performance, economic impact, and uncer-
tainty. Additionally, we proposed a consistent framework
for assessing project viability across the entire life cycle,
particularly enhancing pre-development assessment. This
extends the scarce literature (Hawkins 2020) by offering a
more holistic view on costs and benefits while addressing
limitations regarding uncertainty quantification through
deriving a theoretical distribution rather than an empirical
one. Moreover, we complement previous work on ML life
cycle management (Duda et al. 2023; Kreuzberger et al.
2023; Chapman et al. 1999; Amershi et al. 2019; Studer
et al. 2021), enabling a more detailed analysis of high-level
phases such as business understanding.

From a conceptual yet practice-relevant perspective, the
Viability Assessment Framework can serve as a blueprint
for transitioning from a generic NPV model as described in
Sect. 2.1, Equation (1) to a concrete cost model tailored to
specific use cases. By incorporating cost and uncertainty
factors, the framework enables a comprehensive assess-
ment across pre-development, post-development, and post-
deployment phases, ensuring informed decision-making
throughout the ML life cycle.

An example of such an instantiation is the cost model
proposed by Florian et al. (2021), which focuses on total
unitary expected cost. This model accounts for yearly
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investment costs and decision-related costs and benefits
(e.g., costs of FP), determined by PdM-specific parameters
like mean time to failure, scoring frequency, and FP
rejection rate. However, this approach lacks mechanisms
for pre-development assessment and uncertainty consider-
ation. If the Viability Assessment Framework were applied,
the proposed method could be more effective by enabling
uncertainty quantification and pre-development assess-
ment. Therefore, beyond its practical benefits, the frame-
work’s theoretical foundations can support designing use-
case-specific cost models for ML projects — particularly for
the parts of the cost model influenced directly by the ML
model.

From an operational and practitioner perspective, the
scenario-based evaluations and interview results highlight
the framework’s relevance at both operational and strategic
levels. Experts stress the lack of methods linking economic
and ML perspectives, particularly in defining performance
boundaries based on economic success criteria while con-
sidering uncertainty, underscoring the industry’s need for
the Viability Assessment Framework. They substantiate the
framework’s value in addressing this gap by generating a
clear performance boundary. As business experts often-
times identify valuable problems, our framework translates
their perspective into an ML context, addressing key
challenges in implementation (van Giffen and Ludwig
2023). It allows comparison of hypothetical model per-
formance with benchmarks from experience, literature, or
expert input during pre-development. Further, experts note
that the reporting capabilities can increase trust in decision-
making. Moreover, our framework can be used to com-
plement other work like Renggli et al. (2023). The method
evaluates whether a given dataset is sufficient to achieve
the target performance. The performance boundary derived
from our framework can be used as an input parameter,
offering additional insights into the viability of the project
from a data-centric perspective. Additionally, the results of
the post-development assessment phase provide a way to
assess the probability of a model leading to a viable pro-
ject, simplifying reporting and justifying project decisions
to stakeholders. Furthermore, we integrate the framework
into the standard ML lifecycle, which offers clearer
implementation guidance and fosters a more standardized,
objective, and transparent decision-making process. In
summary, our work contributes to the BISE community by
providing a structured approach to identifying, prioritizing,
and transitioning promising ML projects from development
to deployment through viability assessment.

7.3 Limitations

Our work is subject to limitations. Limitations regarding
the estimation approach and the statistical foundations are
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twofold. One limitation comes from how confidence
intervals are calculated. The estimator’s variance is
approximated by using estimated probabilities, which
introduces a discrepancy between the defined and actual
coverage probabilities. However, this effect diminishes as
the sample size increases. An illustrative example of this
limitation is provided in Online Appendix B. Another
limitation of the approach is the potential for biased esti-
mates, which is a common issue when evaluating perfor-
mance using holdout sets (Raschka 2018; Kohavi 1995;
Blum et al. 1999). Another well-known challenge in any
estimation process is the assumption that the data — par-
ticularly the training and validation datasets in our case —
faithfully represent the true underlying distribution. Our
framework also encounters this issue, specifically con-
cerning the validation and test datasets, where we assume
that they reflect the actual data-generating distribution.

Limitations in the framework’s applicability are largely
influenced by the reliability of its input parameters, par-
ticularly the estimated costs and benefits. Here, the relia-
bility of the results depends on the reliability of the cost-
benefit matrix. Estimating costs and benefits is not an exact
science. It varies by domain and remains an ongoing
challenge in research and practice, as noted during the
framework’s evaluation. In domains such as PdM with
actual costs (e.g., part costs) and benefits (e.g., reduction of
downtime), the cost-benefit matrix can be estimated more
easily (Prytz et al. 2015). Other domains, like cancer
detection, do not have a direct link, and the values must be
estimated through data, literature, or domain knowl-
edge (Vargas-Palacios et al. 2023; Ziegelmayer et al.
2022). The same is true in cases like the one of Jiang et al.
(2008), where software developers use their domain
knowledge to estimate the trade-off between FP and FN
errors (e.g., an FP being 20-times less desirable than an
FN), which can serve as a proxy for actual cost values.
However, appropriate methods for estimating cost values
are necessary to realize the full potential of our framework.

Further limitations concern the evaluation of the pro-
posed framework. While our framework offers a structured
approach to assessing an ML project’s viability, its eval-
uation remains limited by the lack of widespread imple-
mentation and empirical validation across multiple
organizations. Specifically, its impact on KPIs — both
objective (e.g., reduction in ML project failure rates) and
subjective (e.g., improved decision confidence and per-
ceived model reliability) — has yet to be rigorously mea-
sured. Without real-world adoption and longitudinal
studies, the generalization of our results is limited. Future
research should focus on benchmarking the framework
against industry practices, conducting additional scenario-
based evaluations, and assessing its influence on business
outcomes to enhance generalizability.

8 Conclusion

Applications of machine learning models improve prod-
ucts, processes, and services, as in maintenance planning to
predict maintenance activities. A key element of develop-
ing such models should be a rigorous assessment of the
economic viability to ascertain whether the model’s per-
formance is sufficient to add business value. The viability
assessment is particularly important when model decisions
are linked to widely varying costs and benefits, as the cost
of incorrect decisions can outweigh the benefits of correct
ones. In maintenance planning, for example, false nega-
tives are associated with significantly higher costs than
possible benefits from true positives. Integrating viability
assessment into the development process requires consid-
ering decision-specific costs, benefits, and performance
estimation uncertainty. Not attending to all aspects can lead
to unnecessary development costs when it can be demon-
strated in advance that the project will not be viable. This
also applies to incorrect deployment decisions. To address
these challenges, we proposed the Viability Assessment
Framework, which supports reasonable, viability-centered
decision-making for development and deployment. Future
studies can, for instance, investigate how small sample
sizes can best be split between training/validation samples
and test samples to achieve the best trade-off between
learning performance and certainty in viability assessment.
Moreover, deterministic or stochastic costs for develop-
ment, deployment, or maintenance of the application can
be integrated into the estimator. Additionally, the sensi-
tivity of the framework concerning the values of the cost-
benefit matrix may be analyzed. Further, more in-depth
empirical studies can strengthen the qualitative results.
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