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Abstract

This paper presents the findings of a systematic
literature review (SLR) of 47 peer-reviewed studies
on digital maturity models, focusing on their
multidimensionality. First, it introduces a taxonomy
that distinguishes Multi-Aspect Coverage (MAC) from
Interdependent Multidimensionality (IMD), which
employs formal weighting to reflect dimension-specific
priorities and thereby improves diagnostic accuracy.
Second, it reconfigures 977 indicators into 29
sub-dimensions and nine overarching dimensions
through a deductive-inductive coding procedure.
Third, drawing on contingency theory, the discussion
offers context-sensitive implications for selecting
an aggregation stance, thereby offering actionable
guidance on balancing methodological rigor with
pragmatic considerations. Hence, this review offers
a systematic delineation of weighting processes in
digital-maturity models, providing an operational
boundary between MAC and IMD.

Keywords: Systematic literature review, digital
maturity models, multidimensional taxonomy,
weighting mechanisms, contingency theory.

1. Introduction

The rapid advancement of digital technologies has
driven organizations to pursue extensive transformations
in strategy, operations, and culture in order to
remain competitive in increasingly volatile markets
(Joshi et al., 2022). Digital maturity models have
become indispensable diagnostic tools for charting
these transformation journeys, decomposing progress
into ordered stages and guiding resource allocation
across key dimensions such as strategic alignment,

technological investment, workforce capabilities, and
process digitization (Joshi et al., 2018; Paulk et al.,
1993).

Early iterations of maturity models favored a
single composite score to balance simplicity against
diagnostic insight (Sándor & Gubán, 2022). However,
the inherently complex and non-linear nature of
digital transformation soon rendered unidimensional
metrics insufficient, prompting the emergence of
multidimensional frameworks that evaluate several
facets in parallel to provide richer, more targeted
guidance (Bley et al., 2024; Heß, 2015). Central to the
design of any multidimensional model is the aggregation
logic, the method by which individual dimension scores
are combined into an overall maturity index and a
theoretical rationale underpinning this choice (Sprengel
et al., 2024).

Nonetheless, ambiguity remains in the definition
of multidimensionality within maturity models,
necessitating a distinction between merely utilizing
multiple dimensions and genuinely integrating a
multidimensional evaluation approach (Sprengel &
Ulrich, 2024). To address fragmented terminology,
this review introduces a working terminology with
formal definitions for two aggregation archetypes
observed in the corpus: Multi-Aspect Coverage
(MAC) and Interdependent Multidimensionality (IMD).
MAC employs equal-weight aggregation, treating
every dimension as equally critical and preserving
transparency and ease of use. IMD, by contrast, is
expressed by formal weighting or interdependency
mechanisms, for example, Analytic Hierarchy Process
(AHP) matrices, Guilford’s pairwise comparisons,
Partial Least Squares Structural Equation Modelling
(PLS-SEM) path coefficients, or Stepwise Weight
Assessment Ratio Analysis (SWARA) rankings
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to reflect each dimension’s relative importance.
Distinguishing MAC from IMD clarifies whether
an instrument uses equal-weight, compensatory
aggregation or explicit priorities or interdependencies
and thereby enables systematic, like-for-like comparison
across models.

Therefore, this article presents the findings of a
systematic literature review (SLR) and aims to address
the following research questions:

• To what extent do existing digital maturity models
adopt explicit weighting mechanisms?

• How can a synthesized maturity framework
be constructed by aggregating and harmonizing
measurement items reported across the literature,
and what dimensional structure emerges from the
literature corpus?

To address these questions, a SLR of 47
peer-reviewed studies was conducted, yielding 977
coded items extracted from prior studies that were
inductively re-coded and aggregated into a unified
digital transformation maturity model via the Gioia
methodology (Gioia et al., 2013). This approach
enables that the resulting framework summarizes the
diversity of indicators deployed in prior research while
maintaining an empirically informed synthesis.

The contributions of this research are threefold.
First, the paper offers a taxonomy of aggregation
designs, distinguishing MAC from IMD and providing
practitioners and scholars with precise definitions.
Second, it presents an empirically synthesized maturity
framework for digital transformation. Third, it
develops a contingency-based decision framework that
links the choice of aggregation method to contextual
factors, context complexity and audience diversity,
thereby offering actionable guidance on balancing
methodological rigor with pragmatic considerations.

2. Theoretical background

Digital maturity models find their roots in the
stage-of-growth framework by Nolan (1973) and are
more concretely linked to the Capability Maturity
Model (CMM) developed by Paulk et al. (1993)
for enhancing software processes. Modern-day
iterations retain the sequential logic of their antecedents,
transitioning from initial ad-hoc activities to established
routines, defined standards, controlled management, and
finally to optimized, perpetually improving conditions
(van Steenbergen et al., 2013). However, they expand
the analytical framework to encompass enterprise-wide
areas including strategy, governance, production, and
innovation management (Heß, 2015). Mapping current

practices onto these domains enables organizations
to identify capability gaps, prioritize investments in
people, processes, and technology, and plan concrete
pathways toward a target state (Kane et al., 2017).

The spread of digital transformation initiatives has
highlighted the shortcomings of initial unidimensional
tools that simplified all data into a single composite
score (Sándor & Gubán, 2022), understood here
as an equal-weight aggregation across dimensions,
usually an arithmetic mean. Digital transformation
typically unfolds on partially independent tracks each
characterized by distinct learning curves and rates of
change (Bley et al., 2024; Heß, 2015). Consequently,
the field has moved toward explicitly multidimensional
designs that measure several facets in parallel, providing
richer diagnostic insight than one-size-fits-all metrics
(Sándor & Gubán, 2022). In addition to staged and
continuous designs, focus-area maturity models define
domain-level capabilities and support domain-specific
improvement paths. van Steenbergen et al. (2013)
formalize the focus-area concept and document its use
across IS functions. Transitioning from unidimensional
to multidimensional architectures introduces significant
methodological demands (Sprengel & Ulrich, 2024).
A central challenge lies in determining how individual
dimension scores should be aggregated and in
articulating the theoretical rationale that legitimizes the
chosen method. In some maturity models, authors treat
each dimension in isolation, reporting parallel scores or
simple unweighted averages. Other authors, by contrast,
stress formal aggregation rules, often adapted from
multi-criteria decision analysis, to combine various
scores into a unified maturity index, namely AHP,
SWARA, Guilford and PLS-SEM (applies solely for the
identified literature corpus).

AHP (Saaty, 1980) begins by asking stakeholders to
conduct pairwise comparisons of all dimensions. The
eigenvector derived from the judgment matrix provides
a vector of relative weights (Yang et al., 2021), enabling
organizations to uncover implicit priorities even in
the absence of quantitative performance data. This
presents a benefit in scenarios requiring substantial
expert participation.

SWARA (Keršuliene et al., 2010) differentiates the
importance of dimensions through an ordered-ranking
procedure. Experts first generate an initial rank order,
each dimension is then compared with its immediate
predecessor by means of an adjustment coefficient, and
an iterative formula converts these coefficients into a
normalized weight set (Shukla & Shankar, 2023).

A third option, the Guilford method (Guilford,
1954), allows participants to perform pairwise
comparisons of evaluation factors. These comparisons
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help determine the relative importance or priority of
each factor by placing them on an ordinal scale. This
means that the focus is on establishing a rank order of
importance, without necessarily quantifying the exact
difference in importance between factors (Sándor &
Gubán, 2022).

Finally, PLS-SEM (Hair et al., 2011) treats each
maturity dimension as a latent construct measured by
multiple indicators. The PLS algorithm simultaneously
estimates outer loadings and path coefficients, thereby
producing empirically derived weights and revealing
modeled linkages among dimensions. Although the
method provides data-driven precision and allows
concurrent estimation of measurement and structural
models, it requires relatively large sample sizes to ensure
stable coefficient estimates (Lin et al., 2019).

However, consensus has not emerged on the
circumstances under which these sophisticated, less
transparent procedures ought to replace simpler
approaches.

Against this backdrop, a contingency perspective
provides a principled rationale for selecting an
aggregation stance. Contingency theory holds that
organizational mechanisms are effective to the extent
that they fit their situational context (Lawrence et al.,
1967). Applied to maturity assessment, this implies
that aggregation and weighting should be crafted in
accordance with contextual characteristics. Scholars
like Mettler and Pinto (2018), as well as Teo
and King (1997), argue that models should allow
for various developmental paths, recognizing that
organizational capability evolves through multiple,
path-dependent trajectories, instead of enforcing strict
stage sequences. Consistent with this view, set-theoretic
approaches conceptualize maturity as configurations
of conditions and employ noncompensatory logic to
capture equifinal paths. Lasrado et al. (2016) provide
methodological guidelines and a worked demonstration
that highlight relations of necessity and sufficiency
between dimensions. Tailoring trajectories to contextual
needs or situational demands allows designers to reflect
the main and interaction effects that shape real-world
trade-offs in resource allocation (Teo & King, 1997).
This perspective, which is sensitive to the specific path
taken, emphasizes the significance of distinguishing
between frameworks that simply list dimensions and
those that combine dimension scores into a unified
index. This differentiation is crucial, as the logic behind
aggregation highlights how trade-offs affect the overall
evaluation of maturity (Sprengel & Ulrich, 2024).
Despite these refinements in concepts, the literature
has not yet unified around criteria that determine when
advanced weighting algorithms should replace easily

interpretable aggregation methods.
Overall, the development of digital maturity

models signifies a transition from focusing on
software-centered process control to embracing
enterprise-wide digital transformation, evolving
from straightforward simplicity to a sophisticated,
multifaceted, and path-sensitive approach. While these
enhanced designs offer more profound insights, they
require theoretical rationales for aggregation methods
and a thorough explanation of causal links among
dimensions, crucial for creating tools that are both
analytically and practically useful.

3. Methodology

3.1. Systematic literature review

In information systems research, comprehensive
literature syntheses are frequently overlooked, which
complicates the task of exhaustively locating and
critically appraising the vast array of published
work (Webster & Watson, 2002). Therefore, a
SLR was undertaken to assemble an empirically
informed synthesis of published maturity models in
the context of digital transformation, harmonizing
reported indicators, and aggregation stances to provide
a coherent vocabulary and framework for subsequent
analysis and validation. Unlike traditional narrative
reviews, which may rely on selective sampling, an
SLR follows predefined protocols for identification,
screening, eligibility, and inclusion of studies, thereby
minimizing bias and enhancing replicability (Tranfield
et al., 2003). This approach facilitates rigorous
evaluation of how multidimensional maturity models
in the context of digital transformation are handled
across the field. This outlined review protocol not only
enhances the reliability and reproducibility of findings
but also improves the overall quality of academic
work by ensuring transparency and consistency in
methodology.

3.2. Search strategy and study selection

An exploration of five bibliographic databases was
conducted, specifically JSTOR, EBSCO, ECONLIT,
the ACM Digital Library, and the AIS Electronic
Library (including the Senior Scholars List of Premier
Journals), covering literature up to April 15, 2025,
with an emphasis on multidimensional maturity models.
A standardized title-only query was applied across
databases. Carefully selected keywords highlight
the diverse lexicon associated with maturity models,
acknowledging the absence of a consistent viewpoint
in this field. Search strings incorporated wildcards to
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encompass varying terminologies:

• multi* AND (model* OR assess* OR appl* OR
frame* OR CMM OR CMMI OR read* OR
capabilit*)

• maturity* AND (model* OR assess* OR appl*
OR frame* OR CMM OR CMMI OR read* OR
capabilit*)

This extensive investigation sought to find
models that incorporate diverse concepts of
multidimensionality, considering different spellings
such as multidimensional or multi-dimensional.
Language restrictions (English and German) were
applied, and only peer-reviewed journal articles
were retained. Poster sessions, commentaries, and
non-journal conference reports were excluded.

In accordance with established systematic review
methodologies (Moher et al., 2009; Tranfield et al.,
2003), this study applied a defined set of inclusion and
exclusion criteria to ensure that only the most pertinent
and rigorously developed maturity model research
within a digital transformation context was considered.
Inclusion criteria required that each article explicitly
detail a transparent and documented development
process for its maturity model, as mentioned by de Bruin
et al. (2005). Furthermore, inclusion demanded a
theoretical foundation. In addition, the model itself
must either be newly developed or actively applied
and validated within the study; purely conceptual
discussions without a concrete maturity model were
deemed insufficient (Tranfield et al., 2003). Evaluations
based on empirical findings were required. Any maturity
model, whether suggested or implemented, needed to
be assessed through at least one evaluation method,
such as case studies (qualitative perspective) or surveys
accompanied by statistical evaluations (quantitative
perspective). In conclusion, the research needed to
be clearly positioned within the context of digital
transformation and those that did not meet this criterion
were omitted.

Conversely, any article that did not fulfill one or
more of these inclusion criteria was excluded from
subsequent analysis. In particular, studies that did
not transparently describe their model’s development
process or lacked a clearly articulated theoretical
basis or empirical evaluation were excluded. Articles
that neither developed a new maturity model nor
employed an existing instrument in practice did not
satisfy the criteria and were therefore eliminated as
well. By adhering to these inclusion and exclusion
standards, the resulting literature corpus reflects a
comprehensive, theory-driven body of work that

advances understanding of multidimensional digital
maturity model development and application.

The flow diagram (Figure 1) demonstrates the
filtering procedure which condensed an original pool
of 46,946 database entries down to a final set of 47
studies included in the review. Records were exported
in BibTeX from each database, merged in Citavi
(final set mirrored in JabRef), deduplicated by titles,
and then subjected to a secondary spreadsheet-based
pass to reconcile metadata inconsistencies prior to
screening. Initially, a quality filter eliminated 9,324
duplicate entries, resulting in 37,622 unique records.
Subsequently, language criteria were applied; 868 items
that were not in English or German were excluded,
leaving 36,754 candidates. A further review of titles
removed 36,076 records that did not clearly relate to
digital transformation or maturity models, reducing the
number to 678.

Identification of studies via databases

Id
en
ti
fi
ca
ti
on

Records identified from:

• JSTOR (n = 7, 096)

• EBSCO (n = 26, 329)

• ECONLIT (n = 6, 817)

• ACM DL (n = 6, 528)

• AISeL (n = 176)

Records removed before screening:

• Duplicates (n = 9, 324)

S
cr
ee
ni
ng

Records screened (n = 37, 622)

Records excluded:

• Language (n = 868)

• Relevance (n = 36, 076)

Records screened (Clustering and
abstract) (n = 678)

Records excluded:

• Clustering (n = 587)

• Abstract (n = 13)

Reports assessed for eligibility
(n = 78)

Reports excluded:

• No maturity model
developed/used (n = 16)

• No empirical evaluation
(n = 11)

• Context not eligible (n = 4)

In
cl
ud

ed

Studies included in review
n = 47

Figure 1. Study selection: PRISMA flow diagram.

In order to retain works with a true emphasis on
digital transformation, a coder-based clustering process
(based on the title) dismissed an additional 587 papers,
narrowing the selection to 91 papers for abstract review.
Among these, 13 abstracts did not satisfy the inclusion
criteria, such as including a maturity model or providing
empirical validation, leaving 78 articles for full-text
analysis. Ultimately, during the full-text screening, 31
articles were removed, resulting in a final set of 47
studies.
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3.3. Data analysis

The analysis aims to map and harmonize how
prior studies operationalize digital transformation
maturity, not to validate a new instrument. The
resulting framework is therefore empirically informed
by published applications but is not empirically
validated in this paper. In the early stages of
developing the model, a deductive content analysis
was used to determine and extract every dimension,
sub-dimension, and item suggested within the 47-study
corpus. For each model, essential features such
as the listed (sub-)dimensions, indicators, selected
aggregation techniques, any stated weighting strategies,
and the theoretical basis were meticulously documented,
including the source metadata. Author-reported
indicators were treated as first-order terms and extracted
verbatim with study ID. The comprehensive extraction
process resulted in 977 indicators, 142 sub-dimensions,
and 168 dimensions.

Subsequently, the inductive phase was employed to
transform these indicators into a coherent, higher-order
structure (Gioia et al., 2013). The Gioia methodology
is not limited to interviews. It is a general coding
template for textual data and has been used with
archival and company documents as well as published
articles. Recent IS research applied this approach
with secondary materials (in addition to interviews)
(Kandaurova & Bumann, 2023). Initially, the creation
of first-order concepts, also known as indicators, was
accomplished by retaining the language of the original
items and grouping semantically similar elements.
Items that did not fit any seed category were flagged
for the inductive phase. Inductively, unassigned or
weakly fitting terms were open-coded, then grouped
into second-order themes by semantic similarity and
usage context, and finally organized into aggregate
dimensions. In the subsequent phase, two academic
coders with domain expertise independently assigned
each item to a conceptually fitting sub-dimension,
using a predefined list of categories agreed at setup.
To preserve independence, coders completed separate
passes and refrained from discussion during main
coding, with disagreements resolved post hoc by
consensus. The inter-coder reliability was confirmed
with Krippendorff’s α and Cohen’s κ both exceeding
0.90 (Cohen, 1960; Krippendorff, 2018), computed
in Python. Given the shared expertise of the coders,
potential inflation due to common mental models cannot
be ruled out. However, post hoc consensus were used to
mitigate this risk.

In the final stage, the second-order themes were
consolidated into dimensions, thereby establishing the

overarching categories of the maturity model. The
distinct separation between data-driven coding and
theory-driven interpretation maintained both empirical
richness and theoretical relevance. The resulting
model thus synthesizes the diverse elements of existing
frameworks into a unified maturity construct, reflecting
both the theoretical foundations of established models
and the novel patterns revealed by the inductive
aggregation.

By combining a rigorous SLR methodology by
Tranfield et al. (2003), the documenting procedure
by Moher et al. (2009), and with the coding
strategy by Gioia et al. (2013), this procedure yields
a domain-independent classification and synthesis,
applied here to multidimensional maturity models with
regard to digital transformation, offering a framework
for further analysis and validation. The explicit
documentation of each step, from item extraction
through first-order coding, second-order theming, and
final aggregation, ensures transparency and validity,
addressing key methodological standards in research.

The analysis workbooks have been made publicly
accessible in a repository (10.5281/zenodo.15640611),
thereby enabling replication of the methodology and
supporting transparency and traceability in future
research. Owing to space constraints, the complete
list of the 47 articles examined cannot be reproduced
in the reference section. An individual file with all
bibliographic information will likewise be stored in the
repository.

4. Results

4.1. Characteristics of the literature corpus

The SLR identified 47 peer-reviewed maturity
models that together characterize salient patterns in
the reviewed corpus on digital transformation maturity
assessments, within the stated inclusion criteria.

Journal quality analysis confirms the corpus’s
relevance, with 72.3% of articles in Q1 academic outlets
of the SCImago Journal Rank, 14.9% in Q2, and 6.4%
in Q3. No articles were placed in Q4, and 6.4% were
unallocated. Reputable journals like the Journal of
Manufacturing Systems and the International Journal
of Production Research are prominently featured,
highlighting the authority of these sources in maturity
modeling discussions.

Methodologically, the models display a pronounced
conceptual orientation. 83% include substantial
theoretical development, often expressed through new
constructs or level architectures. Qualitative validation
dominates empirical work; 83% of studies rely on case
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studies, expert interviews or workshops to substantiate
their frameworks, whereas only 43% incorporate
quantitative techniques such as surveys calibrated by
PLS-SEM, clustering, or other statistical routines.
One quarter of the studies combine qualitative and
quantitative evidence in a genuine mixed-methods
design. The infrequent application of advanced
statistical methods indicates that the majority of
frameworks remain in an initial validation stage, where
qualitative plausibility assessments are adequate for
proving practical importance.

4.2. Aggregation and weighting mechanisms

To position the contribution relative to prior reviews
(e.g. Sprengel and Ulrich (2024)), the analysis
focuses on aggregation stances. The MAC and IMD
distinction is treated as method-agnostic and reported on
a corpus-level prevalence.

The review reveals patterns in the treatment of
dimensional weighting. Nearly 75% of the models
aggregate dimensions through simple arithmetic means
or treat them independently, thereby preserving ease
of use and transparency. The remaining quarter
employs explicit weighting mechanisms that make
interdependencies or priorities among dimensions
visible. In this corpus, about three-quarters of the
instruments use MAC, i.e., an equally weighted,
independent aggregation, while the remaining
quarter use IMD by coding explicit priorities and/or
interdependencies. Explicit weighting (IMD) is
instantiated mainly through four approaches: AHP,
SWARA, Guilford, or PLS-SEM. These approaches
are reported because they occur in the review corpus.
Other multi-criteria decision analysis techniques exist
in the broader literature, but assessing their relevance
to digital transformation maturity models is outside the
present scope.

For a clearer understanding of the operationalization
of multidimensionality, the frameworks analyzed
can be categorized into two main archetypes,
Multi-Aspect Coverage (MAC) and Interdependent
Multidimensionality (IMD). MAC denotes a class
of maturity models that consider every assessment
dimension analytically independent and of equal
importance. Formally, an MAC model can be expressed
as:

M = g
(
f1(d1), . . . , fn(dn)

)
(1)

Each dimension is first translated into a normalized
score by a function fi(di) that operates exclusively
on its own empirical evidence di (the dimensions are
defined as mutually disjoint, so no cross-adjustments

are required). The resulting scores are then combined
through a commutative, unweighted aggregation
function g(·), most commonly the simple arithmetic
mean, so that exchanging any two arguments leaves the
composite value M unchanged. Formally, this design
is equivalent to assigning every dimension a uniform
weight of 1/n.

Practically speaking, MAC frameworks either
address each dimension individually or combine them
using a commutative operator, guaranteeing that aspects
such as technology, process, and strategy, equally
impact the total maturity score. The main advantage
of MAC is its straightforward interpretation. Since
the scoring methodology can be broken down into
dimension-specific functions with an equal-weight
aggregation, professionals can review individual scores
or the overall composite score without having to argue
about or justify weighting schemes. The trade-off is
a possible masking effect: a strongly developed area
may offset deficiencies elsewhere and thus obscure
critical capability gaps. However, if the objective is to
achieve a rapid, computationally efficient overview of
digital transformation progress (Lasrado et al., 2016),
MAC offers a straightforward and easily communicable
solution.

IMD characterizes maturity models that recognize
the differing strategic significance or interactions
among their evaluation dimensions. Unlike using
an arithmetic mean, these models incorporate a
prioritization structure, such as a weighting vector or
path coefficients, which dictates the influence of each
aspect on the overall score.

Formally, an IMD model can be expressed as:

M = g
(
w1 f1(d1), . . . , wn fn(dn), ϕ(D)

)
with

n∑
i=1

wi = 1.
(2)

Here each di represents the raw evidence for a
particular dimension, fi(di) converts that evidence into
a normalized score, and wi is the importance weight
assigned to the i-th dimension; the weights sum to
unity to preserve scale. The term ϕ(D) represents
any additional structure that illustrates interactions
or causal linkages among the dimensions, similar
to path coefficients found in a structural equation
model. Meanwhile, g(·) functions as the aggregation
mechanism that combines the weighted dimension
scores along with the interaction component to compute
the comprehensive maturity score M .

Weights can be derived through several pathways
like expert pairwise comparisons in AHP, survey-based
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path coefficients obtained via PLS-SEM or ordered
expert rankings transformed by SWARA that blend
probabilistic and linguistic evidence into continuous
weight distributions. When normalized, these weights
clarify the comparative importance of elements like
organizational capabilities and digital capabilities,
assigning coefficients such as 0.30 and 0.70 according
to the requirements of the context, as exemplified by
Sándor and Gubán (2022). Consequently, the resulting
maturity score reflects not merely the presence of
capabilities but also their relative importance. While this
approach yields a more discriminating view of digital
maturity, it also entails higher methodological effort.
Relative to equal-weight aggregation, IMD typically
introduces additional aggregation-design and validation
steps, even though overall data demands can be similar.

A straightforward decision rule separates the two
archetypes. Whenever a maturity instrument deploys
a non-trivial weighting or causal-linkage mechanism it
necessarily is an IMD model. Conversely, frameworks
that total, average, or otherwise aggregate dimensions
without differential weighting are classified as an MAC
model.

4.3. Synthesized maturity framework

Synthesizing the findings, the evidence points to
a field that values conceptual clarity and practitioner
utility over methodological sophistication. Equal
weighting remains the default because it facilitates
universality and low entry barriers. Nevertheless,
the existence of weighting outliers demonstrates
that scholars increasingly recognize the need to
accommodate contextual complexity. The distinction
between models that rely on simple aggregation and
those that encode interdependencies and weighting
schemes lays a foundation for more nuanced instrument
design in future work.

Having clarified how the reviewed maturity models
address weighting, the analysis turned to their
substantive structure, that is, to the dimensions,
sub-dimensions and items through which digital
maturity is operationalized. The 47 articles from the
SLR collectively contained 977 measurement items.
Because many frameworks define dimensions directly
and omit an intermediate layer, the sample yielded 168
first-order dimensions but only 142 sub-dimensions. To
achieve commensurability a two-stage coding procedure
(Gioia et al., 2013) was applied. Two independent
raters first assigned every item to a conceptually
fitting sub-dimension, that was iteratively negotiated;
inter-coder reliability reached Cohen’s κ = 0.93
and Krippendorff’s α = 0.93, indicating near-perfect

agreement (Cohen, 1960; Krippendorff, 2018).
Through successive consolidation the raters distilled

the initial pool into 29 aggregated sub-dimensions,
each broad enough to capture semantically congruent
items yet specific enough to preserve analytical
precision. A later cycle of axial coding combined
these sub-dimensions into nine broader dimensions.
The resulting structure comprises: Customer and
Market Interaction; Data and Analytics; Innovation
and Product Development; Leadership, Culture and
People; Operations and Process Excellence; Strategy
and Governance; Supply-Chain and Ecosystem;
Sustainability and Environment; and Technology and
Digital Infrastructure. Full mappings from original
items to sub-dimensions and from sub-dimensions to
dimensions are available in the repository.

This consolidated framework fulfills a dual function.
Firstly, it provides a synthesis that consolidates the
focal areas of prior models into a coherent framework.
Secondly, it establishes the structural prerequisite
for the configuration of maturity assessments in
accordance with either of the two previously identified
archetypes. When the nine dimensions are considered
of equal importance and aggregated via a strictly
commutative function, the model adheres to MAC,
maintaining transparency and ease of application.
Conversely, when explicit weighting vectors are
introduced, the same architecture demonstrates IMD,
facilitating context-sensitive prioritization of strategic
imperatives. In this manner, the consolidated model not
only reconciles the conceptual diversity present in the
literature corpus but also provides a flexible platform
for the implementation of both simple and sophisticated
assessment logics.

5. Discussion

Despite the evident benefits afforded by
distinguishing the significance of individual dimensions,
the SLR reveals that only 25.5% of the digital maturity
models (across the literature corpus) include explicit
weighting mechanisms. This gap suggests a requirement
for principled guidance regarding the conditions and
rationale for implementing weights.

Drawing on the contingency view that design
choices should fit their situational context, two
illustrative contingencies are noted because they
recur in the literature corpus as rationales for moving
beyond equal-weight averaging: context complexity
and audience diversity. These examples are not
exhaustive and do not form part of the extraction
or coding scheme, they are offered to frame future
research on when MAC may suffice and when IMD
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may be warranted. According to Dess and Beard
(1984) context conditions are commonly parsed
into complexity, dynamism, and munificence. In
highly regulated sectors, rapidly evolving technology
domains (dynanism), or geographically dispersed
operations (complexity), certain capabilities become
mission-critical while others remain peripheral
(Duncan, 1972). Collapsing such heterogeneity
into equal weights risks obscuring precisely the
distinctions that should guide resource allocation, and
thus the diagnostic power of a simple MAC design
diminishes as context complexity increases. Audience
diversity, by contrast, measures the heterogeneity
of stakeholder groups engaged in the assessment
process (Harrison & Wicks, 2013). As the number
and variety of stakeholders grow, each with potentially
divergent priorities (Isenring et al., 2025), weighting
becomes an essential negotiation tool, surfacing and
reconciling differences that an unweighted composite
would otherwise suppress. A dynamic exemplified
by the strategic-alignment difficulties observed when
IT initiatives lacks board-level representation or
committees (De Haes & Van Grembergen, 2009).
Evidence from multi-criteria decision analysis confirms
that committees confronted with high stakeholder
plurality consistently favor weighting methods for their
capacity to expose trade-offs and foster consensus
(Huang et al., 2024).

From these constructs, three contingency
implications can be articulated. The implications
delineate scenarios where MAC may suffice and
instances where IMD could contribute additional
value. These implications are conceptual and literature
informed rather than universal rules. The statements are
interpretative and contextually bounded, as opposed to
empirically coded findings, and necessitate empirical
validation. Future research should aim to compare the
explanatory and predictive efficacy of MAC and IMD
across diverse contexts.

Implication 1 (sufficiency) argues that when both
contingencies are minimized, a MAC model provides
adequate guidance with substantially reduced cognitive
and administrative costs compared to weighted
methodologies. Implication 2 (complexity-driven)
holds that when contextual complexity is elevated,
equal-weight aggregation can obscure important
interactions. IMD designs that encode priorities or
interdependencies may provide clearer diagnostics.
However, this implication is limited, not universally
applicable. It may not hold when e.g. priorities are
externally fixed or when evidence does not support
reliable weighting. Implication 3 (plurality-driven)
asserts that in scenarios characterized by high audience

diversity, i.e. heterogeneous stakeholder groups with
differing goals or evaluative criteria, IMD can be
preferable because it makes priorities explicit and
supports transparent communication of trade-offs.
This implication presumes sufficient input quality for
eliciting or estimating priorities. These propositions
are substantiated by empirical evidence: research
conducted within domains of significant complexity,
such as digital twin models for high-end equipment (Hu
et al., 2023) or contexts with considerable stakeholder
plurality, such as governmental public services (Yang
et al., 2021) utilize IMD models.

Practitioner experiences also align with this
contingency perspective. Németh et al. (2019)
report that some expert panels have abandoned
sophisticated weighting because its marginal benefit
did not outweigh the added administrative burden. By
incorporating the selection of aggregation mechanisms
within a transparent contingency framework and
implementing explicit weighting solely when the
combined uncertainty of contextual complexity and
audience diversity surpasses a specified threshold,
a reconciliation of these disparate observations is
achieved. This methodology assures simplicity
where feasible, while safeguarding the analytical
precision requisite for maneuvering through intricate,
multi-stakeholder digital transformation scenarios.

In summary, contingency theory elucidates
the strategic trade-offs between MAC and IMD
and provides a conceptual basis for developing a
decision rule that is tailored to the realities of each
assessment context. In scenarios where both context
complexity and audience diversity are minimal, an
unweighted MAC can offer a low-cost representation
of digital capabilities. As either or both contingencies
increase, the IMD delivers the analytical resolution
necessary to inform resource allocation and strategic
prioritization. This contingency-theoretic perspective
thus synthesizes divergent empirical findings and offers
practical guidance for researchers and practitioners
in determining whether additional methodological
sophistication is necessary in their particular digital
transformation setting.

Yet, the present contributions necessitate cautious
interpretation in consideration of certain limitations.
While inter-coder reliability surpassed established
thresholds, the process of item-to-dimension
mapping inherently involved subjective interpretation.
Alternative coding frameworks may yield diverging
cluster formations. Furthermore, the development of
the maturity model encompasses solely the initial two
stages (scope and design) within five-phase framework
for maturity model development by de Bruin et al.
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(2005), i.e. the proposed framework is empirically
informed but it is not yet empirically validated as a
standalone instrument. Projectability is bounded by the
corpus and inclusion criteria. The confidence reflects
process rigor (transparent screening, dual coding),
not outcome validity. The artifact is a preliminary
structure needing validation. Similarly, the contingency
framework proposed remains entirely conceptual and
necessitates empirical evaluation. It ought to be tested,
preferably in conjunction with the consolidated maturity
model. Future research should focus on populating
the model (third phase) with comprehensive surveys
to assess reliability and consistency, testing it (fourth
phase) via case studies, and ultimately facilitate its
deployment (fifth phase) within digital transformation
contexts (de Bruin et al., 2005).

6. Conclusions

This study offers three significant contributions to
scholarly research. Firstly, it introduces a taxonomy
distinguishing MAC models, wherein equal-weight
aggregation may obscure underperforming dimensions,
from IMD models, which utilize formal weighting to
emphasize dimension-specific priorities and thereby
enhance diagnostic precision. Secondly, by drawing on
47 peer-reviewed studies, the research systematically
reconfigures 977 indicators into 29 sub-dimensions and
nine comprehensive dimensions through a stringent
deductive–inductive coding procedure. Thirdly, it
proposes a contingency framework that correlates
aggregation choices with context complexity and
audience diversity, guiding scholars and practitioners
towards designs that align with organizational
constraints.

The review systematically clarifies weighting
processes in digital maturity models, enhancing the
theoretical distinction between MAC and IMD. It
provides practitioners with a framework for selecting
aggregation strategies that match organizational goals
and resource limits. As digital ecosystems grow more
intricate and stakeholder expectations more diverse, the
disciplined use of weighted, interdependent aggregation
schemes is projected to become essential.
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