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A Methodological Benchmarking Approach 
for Digital Maturity Models

Abstract

Digital maturity models are increasingly used by 
organizations to evaluate their transformation ca-
pabilities and define strategic roadmaps. However, 

despite their popularity, little is known about the consisten-
cy and psychometric soundness of the most widely adopted 
self-assessment instruments. This study has two objectives: 
(1) to empirically demonstrate that the results obtained 
from different digital maturity questionnaires vary signif-
icantly for the same organization, and (2) to establish an 
objective benchmarking framework to evaluate the qual-
ity of these tools. The analysis focuses on three prominent 
models: PwC, MinTIC & iNNpulsa, and MIT & Capgemini. 

Based on a structured case study and survey responses 
from 90 non-expert participants and 15 digital transfor-
mation experts, we assess each instrument using four key 
criteria: uncertainty, internal consistency, theoretical valid-
ity, and suitability for self-assessment. Results reveal statis-
tically significant discrepancies between instruments and 
highlight the limitations of relying on unvalidated tools 
for strategic decision-making. The proposed benchmark-
ing framework offers a practical and replicable approach to 
guide the selection and development of digital maturity in-
struments, especially in resource-constrained contexts such 
as small and medium-sized enterprises (SMEs).
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Introduction
Digital maturity has become a key concept for understand-
ing the extent to which organizations adopt digital tech-
nologies, transform their processes, and develop capabilities 
that allow them to compete in environments characterized 
by disruption and constant innovation. Measuring digital 
maturity is essential not only for diagnosing a company’s 
current state but also for establishing strategic plans that 
guide its evolution toward higher levels of digitalization, 
with positive impacts on productivity, sustainability, and 
value generation (Schallmo, Williams, 2018; Schumacher 
et al., 2016; Goetzinger et al., 2025). In this context, vari-
ous maturity models have been proposed by international 
consulting firms, governmental agencies, and research cen-
ters. These models are typically supported by questionnaires 
and scoring scales aimed at offering objective and compa-
rable diagnoses (Gill, VanBoskirk, 2016; Kane et al., 2015; 
Sacoto-Cabrera, Perez-Torres, 2023). Despite the academic 
and professional recognition these models have gained, two 
significant limitations must be addressed. 
The first is the presumed lack of reliability of the existing 
models. Recent studies suggest that the digital maturity 
scores assigned to the same organization can vary signifi-
cantly depending on the instrument used, revealing meth-
odological inconsistencies and calling into question the reli-
ability and validity of such measurements (Teichert, 2019; 
Berghaus, Back, 2016). This disparity has important prac-
tical implications, as strategic decisions, budget allocations, 
and digital transformation processes may rely on inconsis-
tent or even contradictory diagnostics. 
The second limitation lies in the difficulty of using these 
models without specialized personnel. This is especially 
relevant for small and medium-sized enterprises (SMEs), 
which often lack the financial, technical, and human re-
sources needed to conduct rigorous maturity assessments. 
These constraints lead to dependency on external consul-
tants, whose costs hinder digital transformation efforts 
(Schumacher et al., 2016; Sándor, Gubán, 2022). For this 
reason, it is crucial to have self-assessment tools that pro-
vide accurate and comparable evaluations without requiring 
expert facilitation, enabling strategic decision-making and 
tailored digital transformation roadmaps (Viloria-Núñez et 
al., 2022; Westerman et al., 2011).
Given this context, this study pursues two clearly defined 
and complementary objectives. First, it aims to empirically 
demonstrate that widely used digital maturity question-
naires reported in the literature (specifically those proposed 
by PwC, MinTIC & iNNpulsa, and MIT & Capgemini) do 
not produce consistent results when applied to the same 
organization, thereby revealing coherence and reliability is-
sues across the instruments. Second, it introduces a bench-
marking criterion grounded in psychometric evaluation to 
assess whether a given questionnaire is properly construct-
ed, based on four key dimensions: uncertainty, internal con-
sistency, theoretical validity of the model, and validity as a 
self-assessment tool. Although the limitations associated 
with these instruments are particularly critical in small and 
medium-sized enterprises (SMEs), due to their restricted 
access to specialized resources, the proposed framework 

is not limited to this context and can be equally applied to 
larger organizations.
The main contribution of this work lies in providing a sys-
tematic and quantitative analysis that goes beyond the 
conceptual description of the models and delves into their 
empirical validation, an aspect rarely addressed in previous 
studies. By offering evidence on the strengths and weak-
nesses of the most commonly used digital maturity ques-
tionnaires, this research contributes to the consolidation 
of more rigorous and well-founded measurement practices, 
with implications for both researchers and digital transfor-
mation leaders in public and private organizations.
Beyond their usefulness in assessing digital advancement, 
maturity models also directly influence how organizations 
manage their information, impacting both strategy and op-
erations. In the case of small and medium-sized enterprises 
(SMEs), an incorrect diagnosis derived from an inadequate 
instrument may negatively affect data governance, the de-
sign of informational architectures, digital resource alloca-
tion, and evidence-based decision-making. Recent literature 
has highlighted that Information Management Capabilities 
are crucial for translating digital maturity into sustainable 
competitive advantages (Panda, 2025; Sunil et al., 2011; 
Chae et al., 2017). In this regard, selecting an unvalidated 
questionnaire may compromise the integrity of information 
systems and limit the effectiveness of digital transformation 
strategies.
The remainder of this article is structured as follows. The 
next sections review the literature in search of maturity 
models that are widely accepted by experts and supported 
by academic consensus, describe the methodology used to 
analyze the selected models, and present the empirical re-
sults. Finally, the conclusions discuss the findings from aca-
demic, business, and public policy perspectives.

Theoretical Background 
and Literature Review
Digital transformation has become a strategic imperative for 
organizations of all sizes and across all sectors. In this con-
text, the concept of digital maturity has gained increasing 
importance as a framework for assessing an organization’s 
progress toward digitalization. Maturity models allow orga-
nizations to be positioned according to their level of techno-
logical adoption, digital process integration, organizational 
culture, and ability to generate value from emerging tech-
nologies (Ochoa-Urrego, Peña-Reyes, 2021; Ko et al., 2021).
The academic literature has proposed a wide range of models 
to operationalize the construct of digital maturity. Schum-
acher et al. (2016) identified more than 20 models with het-
erogeneous approaches in terms of dimensions, scales, and 
methodologies. Many of these models originate from con-
sulting practices and feature hierarchical structures with di-
mensions such as leadership, talent, technology, operations, 
and organizational culture (Gill, VanBoskirk, 2016; Kane et 
al., 2015).
Despite their widespread adoption, digital maturity ques-
tionnaires present important limitations that are rarely ad-
dressed through rigorous comparative and empirical analy-
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Source: authors.

sis. Most existing approaches focus on the conceptual de-
sign and application of these models, while paying limited 
attention to their performance as measurement instruments. 
As a result, the consistency, reliability, and validity of the 
assessments they produce remain insufficiently examined, 
particularly when different instruments are applied to the 
same organizational context.
In the case of small and medium-sized enterprises (SMEs), 
maturity models must address specific challenges such as lim-
ited access to digital talent, financial constraints to hire ex-
ternal consultants, and the need for simple yet reliable tools 
(Sándor, Gubán, 2022). In this regard, some researchers high-
light the importance of developing frameworks tailored to 
the operational flexibility and sectoral heterogeneity of SMEs 
(Cerchione, Esposito, 2017; Aghazadeh et al., 2024; Kargas 
et al., 2023). While these challenges make SMEs particularly 
sensitive to the limitations of existing maturity assessment 
tools, the underlying issues related to measurement consis-
tency and methodological robustness are not exclusive to this 
context and are equally relevant for larger organizations.

Fig. 1. Flowchart summarizing the methodological 
process followed in this study

Recent systematic reviews such as (Vial, 2019; Pöppelbuß, 
Röglinger, 2011) underscore the need for studies that go be-
yond conceptual model descriptions and provide empirical 
evaluations of their behavior, internal coherence, and valid-
ity as psychometric instruments. This body of literature re-
inforces the need for a comparative analysis that rigorously 
assesses the most widely used maturity models, not only in 
terms of their structure and content, but also in terms of 
their statistical performance and suitability for self-assess-
ment purposes.
Table 1 summarizes the key contributions to the field of dig-
ital maturity models, particularly in terms of their design, 
validation, and applicability to SME contexts. The table in-
cludes foundational studies on design principles (Pöppelbuß, 
Röglinger, 2011), critical reviews (Pereira, Serrano, 2020), 
and applied proposals that address organizational dimen-
sions, technological capabilities, and business performance 
in the context of digital transformation. This selection re-
flects the evolution of academic thinking from theoretical 
frameworks toward tools that are more aligned with the real 
needs of organizations with limited resources. Moreover, it 
highlights a gap in studies that empirically compare the psy-
chometric performance of self-assessment questionnaires, 
as pursued in this work.
Following a comprehensive review of the literature, three 
digital maturity self-assessment tools stand out due to their 
widespread use, accessibility, and practical focus: the MinT-
IC & iNNpulsa model (developed by the Colombian govern-
ment), the PwC questionnaire (designed by the global con-
sulting firm), and the MIT & Capgemini model (academi-
cally grounded and empirically validated). These models are 
frequently used, publicly available, and aimed at non-spe-
cialist users (Viloria-Núñez et al., 2022). The MIT & Cap-
gemini model (Westerman et al., 2011) is widely cited for its 
multidimensional approach and empirical foundation, and 
has inspired several derivatives and adaptations. The MinT-
IC & iNNpulsa model (Acevedo, 2018) aims to standardize 
maturity measurement among Colombian SMEs, incorpo-
rating user-assigned weights to reflect process relevance. 
Meanwhile, the PwC model (Gill, VanBoskirk, 2016) offers 
a simplified assessment through four key dimensions, mak-
ing it suitable for application without expert support.

Table 1. Key References on Digital Maturity Models
Authors Theme Main Contribution

Pöppelbuß,
Röglinger (2011)

Maturity model 
design

Propose design principles for practical and applicable maturity models in business 
process management.

Garmaki et al. 
(2016)

Methodological 
critique

Critical review of research on maturity models in information systems.

Gimpel et al. (2018) Systematic review Identify and classify digital transformation maturity models.
Oliveira et al. 
(2019)

SME application Explore digital transformation in SMEs using an adapted maturity model.

Vial (2019) Conceptual 
framework

Proposes a research agenda and defines digital transformation from an 
organizational perspective.

Cerchione et al. 
(2020)

Organizational 
capabilities

Analyze how organizational capabilities mediate the relationship between digital 
transformation and performance in SMEs.

Chen et al. (2021) Performance 
evaluation

Develop a hybrid model to assess the performance of digital transformation 
initiatives.

Source: compiled by the authors.
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Methodology
The methodological strategy of this study, illustrated in Fig-
ure 1, was designed to address two main objectives. The first 
is to demonstrate that even the most widely used digital ma-
turity models produce significantly different results for the 
same organization. This would confirm previous concerns 
raised in the literature regarding a lack of consistency among 
commonly applied instruments. The second objective is to 
develop an objective benchmarking mechanism to evaluate 
the quality of each questionnaire based on four psychometric 
criteria: uncertainty, internal consistency, theoretical model 
validity, and validity as a self-assessment tool.
To achieve these goals, four interrelated methodological 
phases were defined:

•	 Selection of digital maturity models: The most represen-
tative and widely used questionnaires were identified, 
based on a prior systematic review (Viloria-Núñez et 
al., 2022).

•	 Reference data collection: A microenterprise was inter-
viewed to create a shared knowledge base about its level 
of digitalization, which was later used as input for the 
questionnaire application.

•	 Questionnaire application: The three selected instru-
ments were applied to two groups: one of 90 students 
(non-experts) and another of 15 professionals with 
experience in digital transformation (experts). This al-
lowed for assessing consistency in the results (Objec-
tive 1) and generating comparable data to apply the 
benchmarking criteria (Objective 2).

•	 Statistical analysis and psychometric evaluation: Tech-
niques such as ANOVA and non-parametric tests were 
applied, alongside validated psychometric indicators, to 
compare the questionnaires and assess their structural 
and functional quality from a quantitative perspective.

Each of these phases is detailed below.

Description and Selection of Digital Maturity Models
The first step involved identifying the most cited and applied 
digital maturity models in organizational settings, based on 
the systematic review that underpins this study (Viloria-
Núñez et al., 2022). From this analysis, three widely used 
self-assessment tools were selected: the PwC questionnaire 
(Griffin et al., 2016), the MinTIC & iNNpulsa maturity mod-
el (Acevedo, 2018; Ramírez, Ordóñez, 2019), and the Digital 
Maturity Model developed by MIT and Capgemini (Wester-
man et al., 2011). These instruments were selected for their 
academic and professional relevance, generalist approach, 
and non-sector-specific applicability.
Digital maturity models have been widely recognized as es-
sential tools for assessing organizational readiness and guid-
ing digital transformation processes (Ochoa-Urrego, Peña-
Reyes, 2021). Among them, models developed by consulting 
firms, academic institutions, and public agencies have gained 
particular relevance due to their practical applicability and 
influence in both research and industry contexts (Pöppelbuß, 
Röglinger, 2011; Sacoto-Cabrera, Perez-Torres, 2023).

The MIT & Capgemini model (Westerman et al., 2011) is 
one of the most widely recognized and cited frameworks 
in both academic and practitioner-oriented literature. It is 
characterized by a hierarchical two-level structure, in which 
global maturity is calculated as the arithmetic mean of ten 
main dimensions, each composed of a variable number of 
underlying items reflecting organizational capabilities and 
practices. This structure enables a high level of granularity 
and multidimensional analysis. This model has been exten-
sively used in empirical studies on digital transformation, 
particularly in research exploring the relationship between 
digital capabilities, organizational performance, and strate-
gic alignment (Kane et al., 2015), and has served as a refer-
ence for multiple derivative frameworks and sector-specific 
adaptations.
The MinTIC & iNNpulsa model (Acevedo, 2018; Ramírez, 
Ordóñez, 2019) also follows a two-level hierarchical struc-
ture, although with a key methodological distinction. In 
this case, digital maturity is calculated as a weighted average, 
where the weights assigned to each process or dimension are 
defined by the respondent, reflecting the perceived impor-
tance of each component within the organizational context. 
At the lower level, each process is evaluated as the arithmetic 
mean of a set of specific items. This approach introduces a 
degree of flexibility and contextual adaptation in the assess-
ment. The model was designed to standardize digital matu-
rity measurement in Colombian SMEs and has been widely 
implemented through national initiatives such as the Cen-
tros de Transformación Digital Empresarial (CTDE), where 
it is used to diagnose, guide, and monitor firms throughout 
their digital transformation processes. Although its pres-
ence in international academic literature is more limited, 
its large-scale application and integration into public policy 
make it a relevant and representative instrument.
In contrast, the PwC model (Griffin et al., 2016) adopts a sim-
pler structure based on a single level of aggregation, where 
digital maturity is estimated as the arithmetic mean of four 
main items related to strategic and operational dimensions. 
This parsimonious design facilitates rapid implementation 
and interpretation, making it particularly suitable for self-
assessment contexts. The model has been widely applied in 
consulting-driven digital transformation assessments across 
multiple sectors and is commonly used to support mana-
gerial decision-making, digital strategy formulation, and 
organizational benchmarking. Although less prominent in 
the academic literature, its strong alignment with real-world 
organizational needs reinforces its practical relevance.
These three models represent complementary perspectives: 
academic (MIT & Capgemini), governmental (MinTIC & 
iNNpulsa), and industry-based (PwC); and together pro-
vide a comprehensive basis for a comparative analysis.
It is important to emphasize that these models are not ana-
lyzed as isolated cases, but as representative examples of 
widely used digital maturity instruments. Accordingly, the 
results of this study are not confined to these specific ques-
tionnaires, but point to broader methodological challenges 
that are likely to be present across similar maturity assess-
ment tools in the literature.
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To summarize the key structural characteristics of the ana-
lyzed instruments, Table 2 presents a comparative overview 
of the MIT & Capgemini, MinTIC & iNNpulsa, and PwC 
models, highlighting aspects such as aggregation levels, 
weighting mechanisms, number of items, and sectoral ap-
plicability.

Interview Protocol with Business Representatives
The qualitative data collection process was conducted 
through a structured interview protocol with business rep-
resentatives, designed to ensure consistency, traceability, 
and neutrality in the information used for the subsequent 
application of digital maturity questionnaires.
In the initial phase, a formal invitation was sent to partici-
pating companies, requesting basic information such as 
company name, business activity, and the profile of the in-
terviewee. As part of the preparation process, participants 
were provided with a structured list of organizational pro-
cesses along with their corresponding descriptions. This 
aimed to ensure a shared understanding of each process and 
to allow for the identification of any relevant omissions from 
the perspective of the interviewee.
Additionally, a structured template was used to allow the 
respondent to assign a relative importance value to each 
process within their organization. This step served a dual 
purpose: first, to prioritize the most critical processes of the 
business, and second, to reduce potential bias introduced 
by the inclusion of less relevant processes. To achieve this, 
only the processes that accumulated approximately 75% of 
the total assigned weight were selected, and their weights 
were subsequently rescaled to normalize their contribution 
within the analysis.
The main interview was conducted synchronously, follow-
ing a structured guide that enabled a detailed exploration 
of how each selected process is carried out within the or-
ganization. When information gaps or inconsistencies were 
identified, follow-up interactions were conducted to refine 
and validate the collected data.
As an outcome of this process, a structured summary docu-
ment was produced, organized by processes. This document 
included: (i) the name and description of each process, (ii) 
the relative weight assigned by the respondent, and (iii) a 
concise description of how each process is executed within 
the company. The document was then shared with the in-
terviewee for formal validation, ensuring that it accurately 
reflected the operational reality of the organization.

A key aspect of this protocol was the deliberate use of a neu-
tral writing style in the summary document. Any structure, 
terminology, or framing that could implicitly favor any of 
the digital maturity questionnaires used in this study was in-
tentionally avoided. This methodological neutrality ensured 
that all evaluators worked from the same information base, 
reducing interpretation bias and enhancing the comparabil-
ity of the results.
Overall, this protocol enabled the transformation of tacit 
organizational knowledge into a structured, consistent, and 
validated input, suitable for use in a comparative evaluation 
of digital maturity assessment instruments.

Experimental Design Validation Protocol
As an intermediate step between the interview process and 
the application of the digital maturity questionnaires by 
non-expert evaluators, a validation phase of the experi-
mental design was conducted. This stage aimed to identify 
potential design flaws, ambiguities, or sources of bias that 
could affect the reliability of the results.
To this end, a pilot test was carried out with a group of partici-
pants who reviewed the questionnaires and the supporting ma-
terials prior to their final deployment. These participants were 
asked to provide structured feedback on multiple aspects of the 
instrument and the overall experimental setup. The evaluation 
covered dimensions such as clarity of terminology, comprehen-
sibility of the questions, the precision of the response options, 
the adequacy of the input information provided, the perceived 
length of the questionnaire, and overall usability.
In addition, participants were explicitly encouraged to identi-
fy any methodological issues, inconsistencies, or ambiguities 
that could compromise the validity of the study. They were 
also asked to assess the quality and completeness of the com-
pany description used as input, as well as the clarity of the in-
structions and the communication process with participants. 
This validation process constitutes a good practice in exper-
imental design, as it allows for the identification and cor-
rection of potential sources of error before the main data 
collection phase. Based on the feedback received, minor ad-
justments were made to improve clarity, reduce ambiguity, 
and ensure that the instruments could be reliably applied by 
non-expert users.
Overall, this step contributed to strengthening the internal 
validity of the study by ensuring that the questionnaires and 
supporting materials were clearly understood, methodologi-
cally sound, and suitable for the intended evaluation context.

Table 2. Comparative Characteristics of the Digital Maturity Models
Feature MIT & Capgemini MinTIC & iNNpulsa PwC

Dimensions or 
Factors

Ten dimensions, each with multiple 
items

Five items per process, plus three transversal 
enablers

Not applicable 
(independent items)

Weighting type Simple arithmetic mean Weighting assigned by the user for each 
process

Simple arithmetic
mean

Aggregation levels Two (items → dimensions → final 
index)

Two (items → processes/enablers → final 
index)

One (items → final index)

Sector specificity Generalist Generalist (Colombia focused) Generalist
Source: compiled by the authors.

Viloria-Nuñez C., Fernandez-Marquez C.M., Vázquez F.J., art. 30069



Governance of Transformational Transitions

80  FORESIGHT AND STI GOVERNANCE    FORESIGHT AND STI GOVERNANCE      Vol. 20   No  2      2026

Questionnaire Application Protocol
In the third phase, the selected questionnaires were ad-
ministered to a sample of 90 undergraduate students, who 
acted as non-expert evaluators. Each participant received a 
transcript of the company interview along with one of the 
questionnaires, randomly assigned to prevent preparation 
bias and information leakage. This strategy enabled an as-
sessment of the instruments’ reliability in self-assessment 
contexts, where users typically lack specialized training.
To ensure understanding of the technical terminology, an 
embedded digital glossary was provided within each ques-
tionnaire. Moreover, in order to incentivize accurate and 
thoughtful responses, students were awarded bonus points 
in selected courses based on the proximity between their as-
sessment and that of a group of experts. These criteria were 
communicated in advance to ensure transparency and par-
ticipant engagement.
The questionnaires were administered using Google Forms, 
selected for its accessibility, ease of use, and data export 
capabilities. To eliminate technological disparities, the ses-
sions took place in a computer lab, ensuring equal access to 
digital tools. Form access and test duration were controlled 
to reduce fatigue and standardize conditions. Each student 
completed only one questionnaire, eliminating potential 
comparison bias. All three questionnaires were deployed 
concurrently in each session, with random assignment, re-
ducing the risk of peer influence.
The interview summary was provided in both digital and 
printed formats, allowing participants to consult and anno-
tate it easily during the assessment. Since all students were 
enrolled in the same course and academic level, a compa-
rable baseline of knowledge was assumed, which reduced 
inter-individual variability and ensured a homogeneous 
cognitive foundation for interpreting the material.
The sample size for the non-expert group was justified based 
on statistical and psychometric criteria. A total of 90 par-
ticipants ensured the reliability of internal consistency esti-
mates, exceeding the minimum of 30 observations recom-
mended by (Bonett, 2002), and fulfilling the suggested ratio 
of at least five observations per item for confirmatory factor 
analysis (Worthington, Whittaker, 2006).
Complementarily, the questionnaires were also applied to a 
total of 15 professionals with expertise in digital transforma-
tion and technology management (five per questionnaire), 
forming an expert reference group. This allowed for a com-
parative analysis between expert and non-expert assess-
ments, enabling an evaluation of the instruments’ validity 
as self-assessment tools. The limited size of the expert group 
was due to the difficulty of accessing such specialized pro-
files, making sample expansion impractical without com-
promising study feasibility.
In addition, specific measures were implemented to mini-
mize behavioral biases during the data collection process. 
Participants completed the questionnaires under controlled, 
supervised conditions, preventing delayed responses, the 
consultation of external sources, or interactions among 
peers. These controls ensured that responses were provided 
independently and in real time, reinforcing the validity of 
the collected data.

Finally, the inclusion of expert evaluators aligns with best 
practices for the preliminary validation of instruments 
(Field, 2013; Kline, 2023), where a benchmark reference is 
used to assess the coherence and accuracy of the results. The 
use of nonexpert participants, in turn, serves the method-
ological aim of evaluating the practical applicability of the 
questionnaires in real-world self-diagnostic settings, with-
out relying on specialized consultants, an approach consis-
tent with prior studies validating organizational tools (Dim-
itrov, 2010).

Benchmarking: Statistical Analysis and Evaluation 
Criteria
Finally, the collected data were subjected to a statistical anal-
ysis based on multiple evaluation perspectives. To this end, 
four key criteria were defined:
1. Uncertainty: This metric assesses the precision of a ques-
tionnaire in measuring a company’s level of digital maturity. 
It is calculated as the standard deviation of the final scores 
reported by evaluators using the same instrument. Greater 
dispersion in the results reflects lower consistency and thus 
higher uncertainty associated with the questionnaire; con-
versely, lower values indicate a more accurate and stable 
measurement of the evaluated reality (Nunnally, Bernstein, 
1994).
2. Internal consistency: This indicator evaluates the degree 
of coherence among the items that compose the question-
naire. High internal consistency suggests that the questions 
are conceptually aligned and yield congruent responses, in-
dicating that the instrument measures a single underlying 
construct rather than several unrelated aspects. Internal 
consistency is estimated using Cronbach’s alpha coefficient 
(Cronbach, 1951; Bonett, 2002).
3. Theoretical validity of the model: This criterion assesses 
the extent to which empirical data support the theoretical 
model proposed to measure digital maturity. A Structural 
Equation Model (SEM) is applied, and a high value of the 
Tucker–Lewis Index (TLI) (Tucker, Lewis, 1973) indicates 
a better fit between the theoretical model and the observed 
data, thereby reflecting a stronger ability of the question-
naire to capture the intended construct. TLI is selected for 
its robustness in small sample sizes and the penalty imposed 
for model complexity (Hu, Bentler, 1999; Kline, 2023; Scher-
melleh-Engel et al., 2003).
4. Validity as a self-assessment tool: This metric examines the 
instrument’s ability to yield equivalent results when used by 
non-expert personnel: an especially relevant factor for its 
application in small and medium-sized enterprises (SMEs), 
where access to specialized evaluators is limited. The com-
parison between student responses and those of an expert 
group was performed using the Mann–Whitney U test; p-
values below 0.05 indicate significant differences between 
the two groups. Additionally, the effect size was estimated 
using Rosenthal’s r, calculated as r = Z / √N. It is interpreted 
as small when r ≈ 0.10, medium when r ≈ 0.30, and large 
when r ≈ 0.50. In this context, a smaller effect size indicates 
the greater validity of the tool as a self-assessment instru-
ment (Field, 2013; Cohen, 1988).
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Together, these four criteria define the benchmarking frame-
work proposed in this study. Each questionnaire was evaluat-
ed across these dimensions, allowing for a multidimensional 
comparison of their performance. This approach allows for 
the identification of the strengths and weaknesses of each in-
strument, not only in terms of statistical robustness, but also 
in their practical applicability as self-assessment tools.
To address the first objective of this study (determining 
whether the measurement instrument significantly influ-
ences the reported level of digital maturity) a one-way Anal-
ysis of Variance (ANOVA) was conducted. This statistical 
technique allows for the evaluation of whether there are sig-
nificant differences among the means of three independent 
groups, in this case, the maturity scores derived from the 
PwC, MinTIC & iNNpulsa, and MIT & Capgemini ques-
tionnaires. The null hypothesis assumes no difference in 
the population means across models, while the alternative 
hypothesis posits that at least one questionnaire produces a 
significantly different mean.
ANOVA is particularly suitable for this analysis, as it isolates 
the effect of questionnaire type as a categorical independent 
variable on digital maturity scores, while controlling for 
Type I error across multiple comparisons. This approach is 
justified by the experimental nature of the design, in which 
a single business case was evaluated using different instru-
ments under similar conditions. A p-value below 0.05 would 
indicate that the instrument used has a statistically signifi-
cant effect on the final outcome, thus calling into question 
the consistency of the diagnostic tools applied.
The selection of these psychometric criteria is grounded in 
well-established references in the field of construct measure-
ment and instrument validation (Nunnally, Bernstein, 1994; 
Kline, 2023). This methodological approach combined com-
parative analysis and psychometric evaluation with a realis-
tic application design that simulates the use of these ques-
tionnaires in self-assessment contexts, thereby contributing 
to the assessment of their practical adequacy and robustness.
Across all phases of the study, the experimental design in-
corporated specific mechanisms to control for potential 
sources of bias and ensure statistical rigor in the data collec-
tion process. These included the neutral construction of the 
input information to avoid instrument bias, pilot validation 
to reduce ambiguity and measurement errors, controlled 
administration conditions to prevent behavioral biases 
such as peer influence or delayed responses, and the use of 
standardized statistical techniques grounded in established 
psychometric theory. This integrated approach strengthens 
the internal validity of the study and enhances the reliability 
and comparability of the results, while explicitly operation-
alizing a bias minimization strategy across all stages of data 
collection and analysis.

Results
This section presents the empirical analysis of the selected 
digital maturity models, structured in two complementary 
stages. First, model reliability is assessed through an analy-

sis of variance (ANOVA), aiming to determine whether the 
differences observed across questionnaires are statistically 
significant. Second, the proposed benchmarking procedure 
is applied, based on four core dimensions (uncertainty, in-
ternal consistency, theoretical validity, and validity as a self-
assessment tool) that enable a comprehensive evaluation of 
the diagnostic robustness and measurement capacity of the 
instruments analyzed (MIT, MinTIC, and PwC). All analy-
ses were conducted using the latest version of R-Project 
(version 4.5.2) (Sihler et al., 2024). This quantitative ap-
proach provides an objective comparison across models and 
contributes to identifying which instrument offers a better 
balance between methodological rigor and practical appli-
cability in organizational self-assessment contexts.
It is important to emphasize that, although the empirical 
analysis focuses on three specific digital maturity question-
naires (MIT, MinTIC & iNNpulsa, and PwC), these instru-
ments are used as illustrative cases of a broader class of 
self-assessment tools. Therefore, the results obtained should 
not be interpreted as limited to these particular models, but 
rather as evidence of a more general methodological issue 
affecting digital maturity questionnaires reported in the lit-
erature. In this sense, the proposed benchmarking frame-
work is intended as a generalizable approach for evaluating 
the quality and robustness of both existing and future in-
struments.

Reliability of Digital Maturity Models
The value of a digital maturity model lies in its ability to 
objectively measure the same organizational reality. If the 
assessment result for a company varies significantly de-
pending on the model used, the reliability of these tools is 
called into question. To explore this potential discrepancy, 
an analysis of variance (ANOVA) was conducted to deter-
mine whether the questionnaire employed has a statistically 
significant effect on the reported level of digital maturity. 
The “car” (Companion to Applied Regression) package in 
R-Project was used to verify the assumptions required for 
the application of ANOVA. The ANOVA results yielded a 
p-value of 0.0000258. At a 5% significance level, the null hy-
pothesis is rejected, indicating that the questionnaire used 
has a statistically significant impact on the maturity score 
obtained. This finding is particularly relevant, as it suggests 
that despite their widespread acceptance in academic and 
professional contexts, these models do not provide consis-
tent measurements of digital maturity, thereby undermining 
their reliability.
These results underscore the need for a more rigorous 
framework for evaluating digital maturity models. Could 
the incorporation of these quantitative metrics significantly 
enhance trust in the results of digital maturity assessments 
in business environments?

Benchmarking Results
Traditionally, the design of digital maturity questionnaires 
has relied predominantly on theoretical foundations, with 

1 https://www.r-project.org/, accessed 14.02.2026.
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limited incorporation of quantitative methods that objec-
tively assess their quality and methodological consistency. 
This limitation introduces a subjective component in the 
validation of the instruments and hinders their empirical 
comparability. In this context, the present study proposes a 
statistical benchmarking approach that enables a compari-
son of different models based on intrinsic properties such 
as structural robustness, reliability, and internal coherence. 
Below, we present the calculations and results obtained 
for each of the defined criteria (uncertainty, internal con-
sistency, theoretical validity, and self-assessment validity), 
followed by a global score that synthesizes the comparative 
performance of the MIT, MinTIC, and PwC models, offer-
ing an integrated view of their diagnostic capability in orga-
nizational self-assessment contexts.
The global score is calculated as the arithmetic mean of 
the four defined dimensions. To prevent scale differences 
among indicators from disproportionately influencing the 
final result, a transformation is applied to express all values 
positively, such that a higher value indicates a better ranking 
position. The result of this transformation is referred to as 
the indicator’s fitness. Subsequently, this fitness is normal-
ized with respect to the mean of its category, enabling all in-
dicators to be expressed on a comparable scale. This metric 
equity allows for performance comparisons across indica-
tors and supports the calculation of a global score based on 
their mean.
Associated Uncertainty. This dimension is quantified using 
the standard deviation of the maturity index, denoted as s. 
A lower standard deviation indicates greater measurement 
precision and, therefore, a better ranking position. Since un-
certainty is a negative metric (lower is better), a sign reversal 
is applied to each value:

fi = −si					      	     (1)

Then, values are normalized using the standard score z, as 
follows:
zi = (fi − μ) / σ 	 				        (2)

Table 3 summarizes the results for the uncertainty associated 
with each model. This metric is based on the standard devia-
tion (s) of the final scores assigned by evaluators, capturing 
the dispersion of results across the different questionnaires. 
As shown, the MinTIC model exhibits the lowest uncertainty, 
positioning it as the most precise in this metric.
Internal Consistency. This property is assessed using Cron-
bach’s Alpha coefficient. A higher coefficient (without ex-
ceeding optimal thresholds) denotes greater coherence 
among questionnaire items, indicating they all measure the 
same latent construct. The calculation was performed using 
the psych package in R-Project. An optimal reference value 
of α = 0.95 is established. The degree of fit (fitness) is quanti-
fied based on the distance from this optimum. To penalize 
deviations from the ideal, the absolute value of the differ-
ence is calculated and its sign inverted to ensure that values 
closer to 0.95 receive higher scores:
fi = −|αi − 0.95|					         (3)

These values are then normalized using the standard score 
defined in Equation 2. Table 4 presents the Cronbach’s Al-
pha values for each model, along with their fitness trans-
formations and normalized scores. This metric assesses the 
internal cohesion of each questionnaire, essential for ensur-
ing all items measure the same underlying construct. The 
MIT model shows excellent internal consistency, while PwC 
displays questionable values, suggesting its items may not 
coherently measure the same concept.
Theoretical Validity of the Model. This aspect is assessed us-
ing the Tucker-Lewis Index (TLI), derived from a Structural 
Equation Model (SEM). A higher TLI value indicates bet-
ter alignment between the theoretical model and observed 
data, and thus the greater capability of the questionnaire to 
measure the intended latent construct. This indicator was 
selected for its robustness with small samples and its penal-
ization of model complexity. The calculation was conducted 
using the lavaan package in R-Project. In this case, the fit-
ness directly corresponds to the TLI value, as shown below:
fi = TLIi						          (4)

Normalization is subsequently applied using Equation 2. 
Table 5 presents the TLI values for the three models, along 
with their corresponding fitness and normalized values. 
The PwC model demonstrates excellent theoretical validity, 
while MinTIC’s result is questionable, suggesting its data do 
not adequately validate the theoretical construct of digital 
maturity.
Validity as a Self-Assessment Tool. This criterion is deter-
mined through concurrent validity analysis, by comparing 
responses from non-experts with those of expert evaluators. 
The Mann–Whitney U test is used to detect significant dif-
ferences between the two groups. Based on the Z statistic 
from this test, Rosenthal’s r effect size is calculated, a widely 
used measure in comparative studies:

Table 3. Model Uncertainty

Model Standard Deviation s Fitness fi Normalized zi

MIT 0.119988 -0.119988 0.650
MinTIC 0.117000 -0.117000 0.763
PwC 0.174643 -0.174643 -1.413

Source: compiled by the authors.

Table 4. Internal Consistency of the Model

Model Cronbach’s Alpha Fitness Normalized
MIT 0.930993 (excellent) -0.019007 0.873
MinTIC 0.8823963 (good) -0.0676037 0.527
PwC 0.612340 (questionable) -0.337660 -1.400

Source: compiled by the authors.

Table 5. Theoretical Validity of the Model

Model TLI (SEM) Fitness Normalized
MIT 0.922947 (good) 0.922947 -0.296
MinTIC 0.840367 (questionable) 0.840367 -1.056
PwC 1.102 (excellent) 1.102 1.352
Source: compiled by the authors.
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r = |Z / √N|					        (5) 

where N is the total sample size. According to (Cohen, 1988), 
r-values of approximately 0.10, 0.30, and 0.50 are interpret-
ed as small, medium, and large effects, respectively. This cal-
culation was performed using the stats package in R-Project. 
A lower r-value indicates greater similarity between expert 
and non-expert evaluations, thus reflecting greater validity 
as a self-assessment tool. Accordingly, fitness is defined as:
fi = −ri 	  					         (6)

Normalization was performed using Equation 2. Table 6 
shows the Rosenthal effect size for each instrument, along 
with the derived (negatively signed) fitness and normalized 
value, facilitating a comparison of questionnaire sensitivity 
to evaluator expertise. Overall, the self-assessment validity 
of all models appears limited. The MinTIC model records 
the lowest Rosenthal effect size, suggesting the least discrep-
ancy between expert and non-expert evaluations.
Global Score. To derive a global ranking, the arithmetic mean 
of the individual performance scores is calculated for each 
model. This metric supports a holistic evaluation of over-
all model performance (Table 7). According to this global 
ranking, the MinTIC model demonstrates the best overall 
performance, followed by MIT and, lastly, PwC.
These findings not only provide a solid empirical founda-
tion for selecting and designing digital maturity models, but 
also prompt a critical discussion. Given the pressing need 
for reliable tools, particularly for SMEs, these results could 
reshape how organizations select and implement their digi-
tal maturity assessments.

Conclusions
This study addresses a critical issue in the field of digital 
transformation: the widespread reliance on digital maturity 
questionnaires as tools for guiding strategic decisions, de-
spite the lack of rigorous validation of their reliability and 

methodological consistency. Although these instruments 
are extensively used across academic, business, and govern-
mental contexts, they are often assumed to provide objec-
tive and comparable assessments, an assumption that is not 
necessarily justified.
In this context, the first objective of this study was to em-
pirically assess the consistency of the results produced by 
different digital maturity questionnaires when applied to 
the same organization. The statistical analysis demonstrates 
that the measurement instrument significantly influences 
the reported level of maturity, confirming the existence of 
inconsistencies across models and raising concerns about 
their reliability as diagnostic tools.
The second objective was to propose a benchmarking frame-
work capable of evaluating the quality of these instruments 
from a quantitative and psychometric perspective. To this 
end, a multidimensional approach was developed based on 
four key criteria: uncertainty, internal consistency, theoreti-
cal validity, and validity as a self-assessment tool. The appli-
cation of this framework reveals that none of the analyzed 
models achieves a balanced performance across all dimen-
sions, and that even widely adopted instruments present im-
portant limitations.
Beyond the specific results obtained for the selected mod-
els, this study highlights a broader structural issue within 
the digital maturity literature: the absence of standardized 
mechanisms for evaluating the quality of measurement 
instruments. In this regard, the analyzed questionnaires 
should be understood as representative examples of a broad-
er class of tools. Therefore, the conclusions of this study are 
not limited to these specific models, but are applicable to 
other maturity assessment instruments with similar charac-
teristics.
The main contribution of this work lies in the introduction 
of a generalizable methodological framework that enables 
the objective evaluation of the robustness of digital maturity 
questionnaires, both existing and future ones. This approach 
not only facilitates a comparison across instruments but also 
provides a foundation for the development of more reliable, 
transparent, and psychometrically sound assessment tools.
From a practical perspective, the findings have direct im-
plications for organizations, particularly small and medium-
sized enterprises, which rely on these instruments to guide 
their digital transformation processes. The use of non-vali-
dated questionnaires may lead to inaccurate diagnoses, sub-
optimal strategic decisions, and the inefficient allocation of 
resources. Similarly, in the context of public policy, the use 
of such models as a basis for support programs or digital 
development measurement may introduce significant biases 
if their methodological quality is not ensured.
Overall, this study not only exposes the limitations of cur-
rent instruments but also provides a concrete pathway to-
ward more rigorous, comparable, and evidence-based mea-
surement practices, contributing to the advancement of both 
research and practice in the field of digital transformation.

Model Score Ranking
MIT 0.0364 2

MinTIC 0.3910 1
PwC -0.4273 3

Source: compiled by the authors.

Table 6. Validity as a Self-Assessment Tool

Model Rosenthal Fitness Normalized

MIT 0.449172 -0.449172 -1.0816
MinTIC 0.328663 -0.328663 1.3299
PwC 0.407526 -0.407526 -0.2482

Source: compiled by the authors.

Table 7. Global Benchmarking Score
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