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Introduction

Background and Motivation

Quality management has passed through three broad transitions. The first, associated with statistical process control and the
work of Shewhart (1931), Deming (1986), and Juran (1988), established that variation is measurable and that its reduction
improves conformance and cost together. The second, running through Total Quality Management, extended quality from a
technical concern of production into an organization-wide philosophy (Garvin, 1987; Flynn et al., 1994; Hackman & Wageman,
1995). The third, still unfolding, is its absorption into an environment of pervasive digital instrumentation, in which the binding
constraint has shifted from data scarcity to interpretive and organizational capacity (Davenport & Harris, 2007; McAfee &
Brynjolfsson, 2012; Chiarini, 2020; Antony et al., 2022).
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Two methodologies have dominated practice. Six Sigma
reduces process variation through the DMAIC cycle and a
defined specialist role hierarchy (Linderman et al., 2003;
Schroeder et al., 2008; Pyzdek & Keller, 2018). Lean targets
non-value-adding activity, flow, and lead time (Ohno, 1988;
Spear & Bowen, 1999; Womack & Jones, 2003; Shah &
Ward, 2007). Their combination emerged on the intuitive
grounds that Lean lacks statistical rigor while Six Sigma
neglects flow and speed (George, 2002; Arnheiter &
Maleyeff, 2005; Snee, 2010).

A third capability has since matured. Advanced analytics,
including machine learning, multivariate statistical process
control, and real-time anomaly detection, surfaces
relationships that neither Lean's observational methods nor
Six Sigma's hypothesis-driven designs would reach
(MacGregor & Kourti, 1995; Waller & Fawcett, 2013; Choi
et al., 2018). Yet the three remain institutionally separate,
competing for sponsorship, using incompatible vocabularies,
and often addressing the same loss in isolation (Zonnenshain
& Kenett, 2020; Antony et al., 2022).

The Problem of Scale

The difficulty is sharpest in large-scale operations.
Improvement methodologies were largely codified in single-
facility settings, and their diffusion literature reflects that
origin (Ferdows, 2006; Netland & Aspelund, 2013). At
enterprise scale, four distinct problems emerge.

First, replication failure. An improvement validated at one
site frequently does not transfer, because the solution was
tuned to local conditions never made explicit. Knowledge
stickiness, causal ambiguity, and the absence of a
documented template are the classic explanations (Szulanski,
1996; Argote & Ingram, 2000; Winter & Szulanski, 2001;
Jensen & Szulanski, 2004), and the organization accumulates
local optima that do not aggregate into system performance
(Maritan & Brush, 2003).

Second, signal dilution. With thousands of concurrent
process streams, special-cause signals from conventional
charting multiply beyond any improvement organization's
capacity to investigate. Alarm burden rises, response
degrades, and charts become decorative, a known limitation
of univariate charting under high dimensionality (Woodall &
Montgomery, 1999; Woodall, 2000).

Third, portfolio misallocation. Large improvement programs
typically select projects through bottom-up nomination
constrained by belt availability rather than by an assessment
of where system-level loss concentrates. Poor project
selection is among the most frequently cited causes of Six
Sigma and Lean Six Sigma failure (Kwak & Anbari, 2006;
Albliwi et al., 2014).

Fourth, methodological mismatch. Because  most
organizations institutionalize a  single = dominant
methodology, problems are treated with whichever tool the
organization owns rather than the tool their structure
warrants: chronic variation problems receive kaizen events,
flow problems receive designed experiments, and problems
whose causal structure is unknown receive both,
unsuccessfully (Goh, 2002; Antony, 2011).

These problems are not solved by adding analytics to an
existing Lean Six Sigma program, the prevailing practice.
They require an architecture relating the three capabilities by
explicit logic.
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Research Questions

This paper addresses three questions. First, on what
theoretical basis can Six Sigma, Lean, and data analytics be
treated as complementary rather than substitutable
capabilities? Second, what organizational architecture
permits their integration in large-scale operations without
collapsing into either methodological fragmentation or
superficial rebranding? Third, what mechanisms link that
architecture to operational and adaptive performance
outcomes, and how might those links be tested?

The contribution is fourfold. Theoretically, the paper
proposes a problem-signature routing logic specifying when
each methodology holds comparative advantage, moving
past the assertion of complementarity to a statement of when
and why. Architecturally, it develops a four-layer framework
with explicit interfaces, addressing the replication and
portfolio problems that distinguish large-scale from single-
site improvement. Methodologically, it derives fourteen
falsifiable propositions. Practically, it offers a roadmap
sequenced by the dependency structure of the layers.

Method

Research Design

This is a conceptual paper, and its method is theory synthesis
rather than empirical data collection. Of the four designs
distinguished by Jaakkola (2020), it is principally a theory
synthesis with an embedded model: it draws together
literatures that have developed with limited cross-reference
and derives an integrative architecture and testable
propositions. The rationale follows Meredith (1993), Wacker
(1998), and Maclnnis (2011): where constructs are
established individually but their relationships are not,
conceptual work must precede measurement.

Whetten's (1989) criteria provide the design brief: the what is
supplied by the constructs of Sections 3 and 4, the how by the
relationships specified in the conceptual model, the why by
the theoretical mechanisms set out below, and the who,
where, and when by the boundary conditions and limitations
stated in the discussion. Corley and Gioia (2011) distinguish
scientific from practical utility; the propositions address the
former and the implementation roadmap the latter.

Literature Search Protocol

The review is integrative rather than exhaustive. An
exhaustive protocol of the kind codified by Tranfield et al.
(2003) and Denyer and Tranfield (2009) suits establishing the
weight of evidence on a defined relationship; the object here
is assembling constructs from streams that do not cite one
another, requiring breadth rather than depth. Durach et al.
(2017) make the parallel argument for supply chain research,
and Post et al. (2020) treat the review as a vehicle for theory
advancement.

Searches were run in Scopus, Web of Science, and EBSCO
Business Source, with backward and forward citation
chaining from anchor articles (Webster & Watson, 2002).
Table 1 records search terms and anchor sources by stream.
Inclusion was restricted to peer-reviewed articles in
operations management, quality management, information
systems, and strategy outlets, plus books where these are the
canonical statement of a methodology, as with Ohno (1988)
and Deming (1986). Practitioner literature was excluded
except where a construct originates there. No lower date
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bound was imposed; the upper bound is 2022, matching the
date of the manuscript.

A supplementary corpus was screened alongside the database
searches. A consolidated library of 827 entries spanning
operations, procurement, analytics, maintenance engineering,
and safety management was reviewed entry by entry against
the same relevance test. Forty-one entries met it within the
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2022 bound and are cited where they do analytical work;
Appendix A maps each to its citing section. Adjacent but non-
load-bearing entries were excluded, since padding a reference
list with tangential citations weakens rather than strengthens
a submission. This corpus is weighted toward emerging-
market outlets, partially offsetting the skew acknowledged
among the limitations.

Table 1: Literature search protocol by stream

Stream

Representative search terms

Anchor sources

Quality management

total quality management; quality management

Flynn et al. (1994); Kaynak (2003); Sousa and VVoss

systems and TQM practices; 1SO 9001 and performance; cost of quality (2002)
_— . statistical process control; multivariate SPC; control Montgomery (2019); Woodall and Montgomery
Statistical foundations ' - L
chart performance; profile monitoring (1999)

Six Sigma and Lean Six

Six Sigma; DMAIC; Six Sigma performance; Lean Six |Schroeder et al. (2008); Linderman et al. (2003); Snee

Sigma Sigma integration (2010)
. lean production; Toyota Production System; lean Shah and Ward (2007); Holweg (2007); Netland
Lean production ; L
bundles; lean sustainability (2016)

Analytics, Industry 4.0,

big data analytics capability; machine learning quality; [Wamba et al. (2017); Buer et al. (2018); Antony et al.

Quality 4.0 Quality 4.0; Industry 4.0 and lean (2022)
Knowledge transfer and practice transfer; replication strategy; multi-plant Szulanski (1996); Winter and Szulanski (2001);
multi-site operations improvement; absorptive capacity Ferdows (2006)
- dynamic capabilities; information processing; Teece et al. (1997); Galbraith (1974); Milgrom and
Organization theory lenses complementarity; ambidexterity Roberts (1995)

Synthesis Procedure

Each retained source was coded on five dimensions: the
methodology or capability it addresses; its unit of analysis,
whether process, plant, firm, or network; the theoretical lens
it invokes, where one is explicit; the causal mechanism it
claims; and any boundary conditions it reports. The coding
scheme follows the content-analytic approach to review
synthesis described by Seuring and Gold (2012).

Synthesis proceeded by constant comparison across streams,
attending to statements about when a method works and when
it does not, since these are the raw material of the routing
logic developed below. Where streams advanced
incompatible claims, the incompatibility was retained as a
problem for the theory to resolve rather than averaged into
consensus, as with the competing accounts of lean and
digitalization (Buer et al., 2018) treated in the discussion of
information processing theory.

Framework Development and Quality Criteria

The framework was constructed iteratively. The layer
structure was derived first, from the information processing
argument that requirement reduction and capacity expansion
are distinct responses that must be sequenced. The signature
taxonomy followed, by asking of each methodology what
property of a problem its core diagnostic tool exploits, which
yields the comparative advantage claims behind the routing
rules. The propositions were written last, constrained to be
falsifiable using observable constructs.

The result is assessed against Wacker's (1998) criteria for
good theory: unambiguous conceptual definitions, stated
domain limitations, specified relationships, and predictive
claims that could fail. Three limitations of the method should
be noted at the outset. Sampling is purposive rather than
exhaustive, so the corpus reflects authorial judgement and is
weighted toward English-language, high-visibility outlets.
Coding was performed by a single analyst, so no inter-rater
reliability statistic can be reported. And the framework has
not been exposed to field data, as discussed in the limitations.

Literature Synthesis

Quality Management Systems as an Organizational
Construct

Conceptual work on quality has long distinguished among
definitions of the construct itself. Garvin (1984, 1987)
separated  transcendent,  product-based,  user-based,
manufacturing-based, and value-based conceptions, and
Reeves and Bednar (1994) argued that no single definition
dominates across contexts. Dean and Bowen (1994) framed
TQM as a management philosophy with identifiable
principles, practices, and techniques, and observed that its
theoretical development lagged its diffusion. Hackman and
Wageman (1995) conducted a critical empirical assessment,
concluding that organizations adopted TQM's rhetoric more
consistently than its analytical core.

Empirical ~ research  distinguished  technical  from
infrastructural components of quality systems. Flynn et al.
(1994) separated the two and built an instrument that
anchored a generation of survey work (see also Flynn et al.,
1995). Powell (1995) found TQM's tacit elements rather than
its tools explained performance differences, and Samson and
Terziovski  (1999) identified leadership and people
management as strongest predictors. Kaynak (2003) showed
infrastructural practices act indirectly, through core practices:
tools do not produce results independently of the
management system embedding them. Later work supports a
positive but contingent association (Nair, 2006; Sila, 2007),
and a parallel practitioner-facing literature examines quality
governance across dispersed units (Akin-Oluyomi &
Akhigbe, 2022; Eyetsemitan et al., 2020).

A related stream examined financial consequences. Quality
award winners outperformed control firms on operating
income and stock returns (Hendricks & Singhal, 1997, 2001),
with similar effects for TQM adopters (Easton & Jarrell,
1998) and ISO 9000 certifiers (Corbett et al., 2005), though
Terlaak and King (2006) attributed part of the certification
effect to signalling. Naveh and Marcus (2005) showed the
effect depends on whether the standard is used as an

141|Page



International Journal of Multidisciplinary Evolutionary Research

improvement platform or for compliance, and Levine and
Toffel (2010) documented effects on job quality.

Two debates frame the present work. The first concerns
whether formalized process management enhances or
constrains adaptive capacity: Benner and Tushman (2003)
argued that favoring variance reduction crowds out
exploration in dynamic environments, Sitkin et al. (1994) had
distinguished TQM as control from TQM as learning, and
Prajogo and Sohal (2006) found quality practices relate
differently to quality than to innovation performance. Any
framework combining variance reduction with exploratory
analytics must confront this rather than assume it away.

The second concerns contingency. Sousa and Voss (2002,
2008) argued that the relevant question was no longer
whether quality practices work but under what conditions.
Zhang et al. (2012) showed contextual factors moderate their
effect, with exploitation-oriented and exploration-oriented
practices performing differently across environments, and
Ketokivi and Schroeder (2004) demonstrated that practice-
performance relationships are sensitive to strategic
configuration. This contingency turn provides the warrant for
the routing logic of the relevant section.

Statistical Foundations and Their Limits at Scale

The statistical lineage runs from Shewhart's control chart
through Montgomery (2019) and Qiu (2013), with Woodall
and Montgomery (1999) and Woodall (2000) cataloguing the
controversies in statistical process control. Multivariate
methods address the dimensionality problem arising when
many correlated variables are monitored simultaneously
(MacGregor & Kourti, 1995). A related engineering literature
addresses conformance assurance where the inspected
population is large and escape consequences severe (Atta et
al., 2021, 2022; Gideon et al., 2019), locating the
measurement system rather than the analysis method as the
binding constraint, which is the reasoning behind the fourth
routing rule.

The relevance of this literature to the present argument is that
the statistical community identified the signal dilution
problem well before the analytics community proposed
machine learning solutions to it, and that the two literatures
have developed with limited cross-reference. A framework
that treats analytics as an addition to quality management
must situate it against this earlier statistical work rather than
presenting it as unprecedented.

Six Sigma: Structure, Theory, and Limits

Schroeder et al. (2008) defined Six Sigma's underlying
theory as a parallel-meso structure of improvement
specialists alongside the formal hierarchy, a specialist role
hierarchy, a structured method, and metrics tied to financial
outcomes. Linderman et al. (2003) grounded its effectiveness
in goal-setting theory and Linderman et al. (2006) extended
this to goal specificity, while Choo et al. (2007) showed
method and psychological safety jointly influence knowledge
creation, connecting Six Sigma to the behavioral literature on
learning (Edmondson, 1999).

Zu et al. (2008) concluded that Six Sigma contributes three
practices genuinely new relative to TQM: structured
improvement procedure, the specialist role structure, and
metric-focused project selection. Zu et al. (2010) examined
how culture conditions implementation, Nair et al. (2011) the
mechanisms linking project structure to outcomes, and
Braunscheidel et al. (2011) institutional adoption dynamics;
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on performance, Swink and Jacobs (2012) found improved
return on assets and Shafer and Moeller (2012) improved
labor productivity.

The limitations are well documented. Following Goh's (2002)
critique, Antony (2004, 2011) and Antony et al. (2019) note
resource intensity, long cycle times, weakness on flow
problems, and dependence on a stable process yielding
representative data; Albliwi et al. (2014) catalogued critical
failure factors and Aboelmaged (2010) the field's uneven
theoretical grounding, with recent syntheses reaching the
same conclusions from wider samples (Sreedharan et al.,
2018; Sordan et al., 2020). Critically here, DMAIC
presupposes a defect definable and measurable before
analysis begins; where the failure mode is unknown, the
method has no entry point.

Lean: Flow, Waste, and the Limits of Observation

Lean's canonical formulation identifies value, the value
stream, flow, pull, and perfection as sequential principles
(Womack & Jones, 2003), operationalized through just-in-
time delivery, setup reduction, total productive maintenance,
and employee involvement (Shah & Ward, 2003, 2007).
Spear and Bowen (1999) characterized the Toyota Production
System as implicit rules whose power lies in embedding the
scientific method in daily work; Holweg (2007) traced its
genealogy and Hines et al. (2004) its evolution into a strategic
system.

Lean practices operate as bundles rather than individually
(Shah & Ward, 2003; Cua et al., 2001), with meta-analysis
supporting positive but heterogeneous effects (Mackelprang
& Nair, 2010). Fullerton et al. (2014) linked lean to control
system change and Browning and Heath (2009) showed cost
effects contingent on program design. Netland (2016) found
success factors ~management-dependent and culture-
dependent, and Netland and Ferdows (2016) demonstrated an
S-curve in multi-plant benefits. Recent work extends the
practice boundary and the leadership condition, testing
moderation  between lean development and lean
manufacturing (Marodin et al., 2018), demystifying what
lean leadership requires (Netland et al., 2020), and reframing
supplier development as a learning system (Powell &
Coughlan, 2020). Lead time is where the division of labor is
clearest: Lean compresses it by removing and smoothing the
work, while committing to a lead time under uncertainty is a
separate decision problem flow improvement does not
answer.

Lean's strengths are speed, low analytical overhead, frontline
engagement, and effectiveness against structural waste
visible to observation; its weaknesses are the mirror image.
Value stream mapping suits waste manifesting spatially and
temporally, not causes distributed across many variables. The
waste lean addresses well is structural and locational: practice
reduces waste across distributed operations (lke et al., 2022),
cycle-time redesign locates delay in handoffs rather than
tasks (Oyeleye et al., 2022), and procurement automation
removes steps rather than optimizing them (Akinleye &
Adeyoyin, 2021). Sustaining gains is also difficult
(Repenning & Sterman, 2001, 2002).

Prior Integration: Lean Six Sigma and Its Unfinished
Business

Lean Six Sigma emerged as a practitioner synthesis (George,
2002) and was later rationalized academically: each
methodology was held to address the other's blind spot
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(Arnheiter & Maleyeff, 2005), the combination positioned as
a business improvement strategy (Snee, 2010),
implementation patterns examined (Shah et al., 2008),
leadership characteristics identified (Laureani & Antony,
2018), with applications in services and healthcare (Radnor
et al., 2012; Antony et al., 2018). The most relevant recent
development is work joining Lean Six Sigma to analytics
explicitly: Gupta et al. (2020) reviewed big data in Lean Six
Sigma, and Belhadi et al. (2020) tested the combined effect
of analytics, Lean Six Sigma, and green manufacturing on
environmental performance. Both  confirm  the
complementarity assumed here, but neither specifies which
method should treat which problem.

Three limitations motivate the present work. First, the
integration is additive: most treatments present a combined
toolbox without decision rules governing which approach
applies to which problem, so selection reverts to practitioner
preference. Adaptation, where attempted, addresses resource
constraint rather than problem structure (Ambali et al., 2021;
Akinleye & Adeyoyin, 2022a). Second, the literature is
predominantly single-site, leaving replication, portfolio
allocation, and enterprise governance underexamined. Third,
it predates the current analytics environment: both
methodologies were designed for costly measurement, and
when measurement becomes free and continuous the optimal
division of investigative labor changes.

Data Analytics, Machine Learning, and Quality 4.0

The analytics literature developed on a separate track.
Davenport (2006) and Davenport and Harris (2007) framed
analytical capability as competitive advantage, Brynjolfsson
etal. (2011) gave early evidence linking data-driven decision
making to productivity, Chen et al. (2012) mapped the
domain, and McAfee and Brynjolfsson (2012) popularized
the managerial case. In operations and supply chain research,
Waller and Fawcett (2013) set out an agenda, Hazen et al.
(2014) addressed data quality as a precondition, and Choi et
al. (2018) surveyed applications.

Analytics capability affects performance through mediating
capabilities rather than directly: Akter et al. (2016) modelled
capability and strategic alignment, Wamba et al. (2017) and
Gunasekaran et al. (2017) found effects through process and
supply chain mediators, Mikalef et al. (2018, 2020) reviewed
the construct and showed returns depend on complementary
governance, skills, and culture, Shamim et al. (2019) linked
data management to decision quality, and Dubey et al. (2020)
examined culture and entrepreneurial orientation as
complements. Sanders (2016) noted value accrues where
analytics is embedded in decision routines rather than
delivered as standalone insight, a point recurring on the
delivery layer (Sanni & Atima, 2021b; Akin-Oluyomi et al.,
2020; Efobi et al., 2021).

A quality-oriented analytics literature also exists. Conceptual
work has begun combining the traditions: data-driven lean
optimization (Efobi et al., 2022b), predictive analytics for
forecasting and inventory inefficiency (Aifuwa et al., 2020),
machine learning for cost optimization (Tonoyan et al.,
2022c¢), simulation-based process optimization (Tonoyan et
al., 2022b), and forecasting for planning accuracy (Tonoyan
et al., 2021a). Much of this is framework rather than
evidence. The manufacturing-side literature is further
advanced: deep learning methods have been surveyed (Wang
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et al., 2018), industrial artificial intelligence positioned as a
discipline rather than a toolkit (Lee et al., 2018; Kusiak,
2019), and quality prediction examined against the data
challenges it raises (Escobar et al., 2021). Zero-defect
manufacturing is the closest existing attempt at an integrated
quality architecture for instrumented production, and its own
reviews concede the organizational side remains
underdeveloped (Psarommatis et al., 2020, 2022).

The Industry 4.0 literature has examined the interaction
between  digital  technologies and  improvement
methodologies, through field reviews (Xu et al., 2018) and
digital twin concepts (Tao et al., 2018). On the lean
intersection, Buer et al. (2018) identified competing positions
holding lean to be a prerequisite for digitalization and
digitalization an enabler extending lean's reach, with support
for positive association from Tortorella and Fettermann
(2018), Rossini et al. (2019), and Tortorella et al. (2019). The
evidence has since thickened. Systematic reviews have
mapped the technology-practice interface (NUfiez-Merino et
al., 2020; Zheng et al., 2021), case work has established one-
to-one correspondences between specific technologies and
specific lean techniques (Ciano et al., 2021) and identified
pathways along which lean automation succeeds or fails
(Tortorellaetal., 2021), and Buer et al. (2021) found lean and
digitalization complementary in their effect on operational
performance, a supermodularity result of the kind generalized
below. Quality 4.0 nonetheless remains loosely specified
despite rapid definitional work (Zonnenshain & Kenett,
2020; Sony et al., 2020; Chiarini, 2020; Fonseca et al., 2021;
Antony et al., 2022), and its recurring finding is that
organizations possess the technologies and lack the operating
model. Applied contributions such as machine learning risk
dashboards (Filani et al., 2022) and predictive logistics
frameworks (Anene & Clement, 2022) illustrate monitoring
while leaving unaddressed which method should act on the
signal.

What is largely absent across these streams is a treatment of
Lean, Six Sigma, and analytics as a single system with
defined interfaces and explicit selection rules. This gap is the
paper's point of departure.

Multi-Site Operations and the Transfer Problem

Because the framework targets large-scale operations, a
fourth literature is relevant: practice transfer across units.
Szulanski (1996) identified internal stickiness, with causal
ambiguity and recipient absorptive capacity as principal
barriers, and Argote and Ingram (2000) framed transfer as
movement of knowledge reservoirs. Winter and Szulanski
(2001) advanced replication as a strategy requiring a codified
template, examined further by Jensen and Szulanski (2004),
Ferdows (2006), and Maritan and Brush (2003). Lapré et al.
(2000) and Lapré and Van Wassenhove (2001) showed
transfer depends on the conceptual depth of knowledge
created, with multi-plant vehicles examined by Netland and
Aspelund (2013) and Netland (2013) and learning-curve
grounding from Adler and Clark (1991) and Zangwill and
Kantor (1998).

Synthesis of the Gap

Table 2 summarizes the comparative characteristics of the
three capabilities.

143|Page



International Journal of Multidisciplinary Evolutionary Research

internationalmultiresearch.com

Table 2: Comparative characteristics of the three capabilities

Dimension Lean

Six Sigma Data Analytics

Primary target  |Non-value-adding activity, flow interruption

Variation and defect rate Undetected patterns, prediction

Epistemic mode Observational, experiential

Hypothesis-driven, confirmatory

Inductive, exploratory

Data intensity Low

Moderate, purposive High, continuous

Typical cycle time Days to weeks

Variable, often continuous once

Three to six months
deployed

Locus of expertise Frontline and supervisory

Certified specialists Data scientists and engineers

Prerequisite Physical or process access

Definable defect, measurable output | Instrumented process, data quality

Characteristic failure Regression after facilitation ends

Project delay, unclear financial link

Insight without operational
adoption

Knowledge form Predominantly tacit

Partially codified Highly codified, often inaccessible

Scale behavior Degrades without local ownership

Degrades through belt-capacity

. Improves with scale of data
constraint

The final row is consequential. Analytics is the only one of
the three whose effectiveness increases with organizational
scale, which is why its integration matters most in the large-
scale context and why a framework designed for that context
should treat it as a first-class element rather than an
accessory.

Theoretical Foundations
Six theoretical perspectives underpin the framework. Table 3
summarizes their contributions.

The Resource-Based View and Dynamic Capabilities
The resource-based view holds that sustained advantage
derives from resources that are valuable, rare, inimitable, and
non-substitutable (Barney, 1991). None of the three
methodologies satisfies these criteria in isolation. Six Sigma
training, lean tools, and analytics platforms are all available
on the open market. What is not readily imitable is the
organizational routine integrating them, because such a
routine is socially complex, path-dependent, and causally
ambiguous to outside observers (Powell, 1995).

The dynamic capabilities perspective sharpens this (Teece et
al., 1997). The framework can be read as a dynamic
capability specification: the diagnostic layer senses, the
engine seizes, the learning layer reconfigures. Integration
should therefore confer advantage principally where product
mix, technology, or demand change often enough that static
optimization decays. The information systems literature
offers a parallel in IT capability as a resource whose returns
depend on complementary assets (Powell & Dent-Micallef,
1997).

Organizational Information Processing Theory

Galbraith (1974) argued that effectiveness depends on fit
between information processing requirements and capacity,
and that organizations respond to rising requirements either
by reducing the need for processing or by increasing capacity;
Tushman and Nadler (1978) generalized the argument and
Daft and Lengel (1986) extended it to equivocality. Large-
scale operations face structurally high requirements: many
products, sites, and process streams, with high
interdependence.

This supplies the framework's most important design
principle. Lean is predominantly a requirement-reduction
strategy: standardized work, flow, and visual management
reduce the information that must be processed to run the
operation. Six Sigma and analytics are capacity-increasing
strategies. An effective architecture applies both, and
sequencing matters, since applying analytical capacity to a

process not first simplified by Lean means paying to interpret
complexity that need not exist. This also reconciles the
competing positions identified by Buer et al. (2018), which
describe different mechanisms rather than contradictory
findings.

Complementarity Theory

Milgrom and Roberts (1990, 1995) formalized
complementarity among organizational practices, showing
that where practices are complements the return to each
increases in the level of the others, so partial adoption can
yield little or negative benefit. This grounds the paper's
supermodularity claim and connects to work on the joint
adoption of TQM, JIT, and TPM (Cua et al., 2001). It also
explains why organizations investing heavily in one of the
three capabilities while neglecting the others report
disappointing returns.

Absorptive Capacity, Organizational Learning, and
Knowledge Transfer

The value of an improvement depends not on the local gain
but on the number of sites to which it transfers. Absorbing
new knowledge depends on prior related knowledge (Cohen
& Levinthal, 1990), and Nonaka (1994) and Grant (1996)
describe tacit-explicit conversion. Lean knowledge is
disproportionately tacit, explaining both its effectiveness in
situ and its poor transfer; Six Sigma knowledge is partially
codified but rarely structured for retrieval; analytical
knowledge is codified yet often inaccessible to those who
would apply it. Lapré and Van Wassenhove's (2001) know-
why and Winter and Szulanski's (2001) template identify
what must be recorded and in what form.

Ambidexterity and the Exploitation-Exploration Tension
March (1991) established the exploitation-exploration trade-
off, developed organizationally by Tushman and O'Reilly
(1996) and Raisch and Birkinshaw (2008), and Benner and
Tushman (2003) warned that process management favors
exploitation. The framework assigns the capabilities
asymmetric roles: Lean and Six Sigma are predominantly
exploitative, refining known processes toward known targets,
while exploratory analytics, particularly unsupervised
methods applied without a prior hypothesis, generates novel
problem definitions. Protecting analytical capacity for
exploration rather than consuming it in reporting is therefore
a design requirement, formalized in Proposition 11.

Behavioral and Socio-Technical Perspectives
Improvement systems are executed by people under
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workload and accountability pressure. Edmondson (1999)
established psychological safety as a condition for team
learning, Tucker and Edmondson (2003) showed how
frontline workarounds prevent organizational learning,
Repenning and Sterman (2001, 2002) demonstrated that
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capability improvement can fail even when the technical
solution is correct, and Naor et al. (2008) examined culture
in quality management. These justify treating culture as a
foundation-layer element rather than soft context, and
motivate Proposition 12.

Table 3: Theoretical lenses and their framework implications

Perspective Core claim

Framework implication

Resource-based view and dynamic
capabilities

Advantage derives from socially complex, causally
ambiguous routines, not purchasable tools

Integration routine, not the individual
methodologies, is the source of advantage

Information processing theory

Effectiveness depends on fit between processing
requirements and capacity

Lean reduces requirements; Six Sigma and analytics
raise capacity; sequence Lean first

Complementarity theory

Returns to a practice increase in the level of
complementary practices

Balanced capability configurations outperform
concentrated ones of equal cost

Absorptive capacity and
knowledge transfer

Transfer requires codified templates and prior
related knowledge in the receiver

Codify know-why and validation conditions, not
only the change made

Ambidexterity crowd out exploration

Process management favors exploitation and can

Protect a share of analytical capacity for hypothesis-
free exploration

Behavioral and socio-technical

Psychological safety and attribution dynamics
condition improvement outcomes

Culture and non-punitive data use are foundation
elements, not context

Conceptual Model
Overview

The framework, designated the Integrated Quality

Architecture (IQA), comprises four layers connected by
defined interfaces. Figure 1 presents the structure
schematically.

LAYER 4: LEARNING AND PROPAGATION

Solution codification with validation conditions - Cross-site replication
Standard work update - Capability development - Framework revision

T

LAYER 3: METHODOLOGICAL ENGINE

LEAN: flow, waste, structural redesign

SIX SIGM: variation, causal isolation, confirmatory testing
ANALYTICS: pattern discovery, prediction, monitoring

Shared taxonomy - Bidirectional handoffs - Hybrid pathways

T

problem-signature routing |

LAYER 2: DIAGNOSTIC AND ROUTING

Loss decomposition - Signature classification
Portfolio prioritization - Method assignment

T

LAYER 1: FOUNDATION

Process standardization - Capability and role structure
Improvement culture and psychological safety

Governance and sponsorship - Data infrastructure and quality

Fig 1: The Integrated Quality Architecture

The layers are hierarchically dependent. Layer 2 cannot
function without the data infrastructure and standardization
of Layer 1, Layer 3 cannot allocate effort rationally without
Layer 2, and Layer 4 cannot propagate solutions Layer 3 has
not documented transferably. This dependency is itself a
claim: organizations investing in Layer 3 without Layers 1
and 2 will exhibit activity without aggregate improvement, a
pattern consistent with reported program failure rates
(Albliwi et al., 2014; Repenning & Sterman, 2001).

Layer 1: Foundation
The foundation layer comprises five elements.

Governance and sponsorship: A single executive owner
accountable for the integrated system, with authority
spanning operations, quality, and data functions. Fragmented
sponsorship is the most common structural cause of
methodological siloing, since each function defends its own
approach; committed sponsorship is consistently identified as
a discriminating success factor (Kwak & Anbari, 2006;
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Laureani & Antony, 2018), and governance alignment across
parties with divergent objectives has been treated as a design
problem in its own right (Eyetsemitan et al., 2020).

Data infrastructure and quality: A unified process data
layer with consistent identifiers for products, equipment,
materials, operators, and time. The requirement is less storage
volume than joinability: relating a quality outcome to the
conditions under which the unit was produced. Data quality
is a documented precondition for analytic value (Hazen et al.,
2014), and without shared master data each site's analytics
remains local. The requirement is stated most clearly outside
manufacturing, in frameworks treating the data layer as
system backbone rather than application infrastructure
(llodigwe & Adesemoye, 2021), risk-based business
intelligence architectures (Mbonu et al., 2021a), and
visibility frameworks built for traceability across multi-party
operations (Nnabueze et al., 2021).

Process standardization: Documented standard work at a
level of specificity sufficient that deviations are detectable
(Spear & Bowen, 1999). This is a lean contribution serving
an analytical purpose: an unstandardized process generates
variation that is uninterpretable, since observed differences
cannot be attributed to causes when the method itself varies
unrecorded. Standard operating procedures are accordingly
better understood as analytical preconditions than as
administrative overhead, a reading advanced in work treating
them as strategic assets rather than compliance documents
(Eyetsemitan et al., 2022).

Capability and role structure: Conventional Six Sigma
belts, lean practitioners, and analytics specialists, plus hybrid
roles at the interfaces. The framework posits a translational
role, fluent in both process improvement and analytical
methods, converting analytical findings into improvement
projects and improvement questions into analytical
specifications: absorptive capacity embodied at the
methodological boundary (Cohen & Levinthal, 1990).
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Building this across dispersed sites is itself a distinct problem
(Falemi et al., 2020), not solved by certifying more
specialists in any single methodology.

Improvement culture and psychological safety: Choo et al.
(2007) demonstrated that psychological safety conditions
learning in improvement projects. In an analytics-rich
environment this matters more, not less, since pervasive
measurement can be experienced as surveillance, and where
process data is used punitively data quality degrades through
gaming (Tucker & Edmondson, 2003). Safety management
reached the same conclusion earlier, treating culture
transformation in large workforces (Obogo et al., 2019a) and
training built around risk reduction rather than compliance
(Obriki et al., 2022a) as prerequisites for usable data.
Carvalho et al. (2019) make the parallel argument for
operational excellence programmes generally, locating
culture and agility rather than technique as the missing link.

Layer 2: Diagnostic and Routing
This layer is the framework's principal theoretical
contribution and performs three functions.

Loss decomposition: Total operational loss, expressed in a
common financial unit consistent with the cost-of-quality
tradition (Juran, 1988), is decomposed across sites, product
families, and process steps, so that effort is allocated against
magnitude rather than salience. The prerequisite is a
measurement frame consistent across units, the function
served by enterprise KPI frameworks (Sakyi et al., 2022b),
and analytics has an established role in allocating scarce
resource against need rather than demand (Owoade et al.,
2022).

Signature classification: Each material loss pool is
classified by its problem signature, a characterization of the
loss's statistical and structural behavior. Five signatures are
distinguished in Table 4.

Table 4: Problem signatures and method assignment

Signature Diagnostic characteristics

Primary method Supporting methods

S1: Structural |Loss is deterministic and observable; occurs by design of the process,
waste not by variation; visible in flow, layout, inventory, or handoff

Lean Analytics for quantification

S2: Common- Loss distributed continuously around a mean; process stable but o . .
- S L L Six Sigma Analytics for factor screening
cause variation capability insufficient, many small contributing factors
S3: Special- Loss episodic and attributable; distinct assignable causes; process | Six Sigma or lean |  Analytics for detection and
cause variation signals detectable problem-solving triage
S4: Latent Loss appears random under univariate analysis; causal structure . Six Sigma for confirmatory
; ; - - . - L Analytics -
pattern involves interactions, lags, or high-dimensional conditions testing

systemic

S5: Emergent or| Loss arises from interaction between subsystems, sites, or with the |Systems-level lean| Analytics for simulation; Six
supply base; no single-process locus

redesign Sigma for component problems

Method assignment: The routing logic assigns primary
responsibility by signature rather than by organizational
convenience. Four rules follow.

Rule 1: Sequence Lean before Six Sigma where structural
waste and variation coexist on the same process. Removing
non-value-adding steps eliminates variation sources rather
than characterizing them, and does so at lower cost. Applying
designed experiments to optimize a step that should be
removed is a common and expensive error.

Rule 2: Route to analytics when dimensionality exceeds
practical experimental capacity. Designed experiments

become impractical beyond a modest number of interacting
factors. Where a process has hundreds of monitored
parameters and the relevant interaction is unknown,
exploratory analytics is the efficient search mechanism; Six
Sigma then confirms and controls the relationship, supplying
the causal inference observational analytics cannot.

Rule 3: Escalate to systems-level treatment when loss
localization fails. If decomposition cannot attribute loss to a
bounded process, the problem is architectural, and local
improvement will produce local optimization without system
gain.
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Rule 4: Do not route to any method a problem whose
measurement system is unvalidated. Measurement system
analysis precedes routing, since an unreliable measurement
system generates apparent variation that no method can
resolve.

These rules resolve the additive-toolbox critique above by
making method selection a function of an observable problem
property rather than of practitioner training.

Layer 3: The Methodological Engine

The engine layer executes improvement through the three
methodologies, retaining each in essentially standard form.
The claim is not that DMAIC or value stream mapping
require modification, but that their invocation should be
governed and their outputs shared. Three integration
mechanisms operate here.

Shared problem taxonomy: All three streams describe
problems using the common signature vocabulary of Table 4
and record findings against a shared process ontology,
preventing parallel investigation of the same loss by two
functions under different names.

Bidirectional handoff protocols: Analytics generates
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candidate hypotheses handed to Six Sigma for confirmatory
testing and to Lean for physical validation at the gemba.
Conversely, improvement teams generate specifications for
analytical work, including requests to instrument currently
unmeasured variables. The protocol is bidirectional by
design; unidirectional flows, in which analytics only reports
and never receives, are a common failure mode.

Hybrid pathways: Some problems require sequenced
application. A representative S4 pathway runs: exploratory
analytics identifies a candidate interaction; lean observation
validates physical plausibility; Six Sigma designs a
confirmatory experiment; analytics deploys a monitoring
model; lean incorporates the control into standard work.
Table 5 maps technique families to signature classes.
Maintenance offers the clearest worked instance, moving
from reactive response to condition monitoring (Adaramola
et al., 2018) and then to predictive regimes that reorganize
the work (Sunday et al., 2020), with sensor-based detection
supplying the S3 signal (Sunday & Omoegun, 2022) and
machine learning the S4 pattern (Mayo et al., 2021). The
analytical advance is worthless unless the standard changes
with it, which is a Layer 4 requirement.

Table 5: Analytical technique families by signature class

screening

Signature Representative technique families Role relative to the primary method
s1 Process mining, simulation, discrete-event modelling Quantifies waste and tests r;]edesign options before physical
' ' change
$2 Regression, variance components, multivariate SPC, factor Narrows the candidate factor set entering designed

experiments

S3 IAnomaly detection, classification, alarm triage and prioritization

Reduces alarm burden and directs investigative attention

S4 time-lagged models

Unsupervised learning, dimension reduction, ensemble methods,

Generates the hypothesis that Six Sigma subsequently tests

S5 . .
simulation

Network analysis, system dynamics, digital twin and scenario

Represents cross-subsystem interaction that local methods
cannot capture

Layer 4: Learning and Propagation
This layer addresses replication failure through four
elements.

Solution codification with transfer conditions: Every
validated improvement is recorded with three components:
the change made, the mechanism by which it works, and the
conditions under which it was validated, corresponding to
Lapré and Van Wassenhove's (2001) know-why and Winter
and Szulanski's (2001) template. The third is routinely
omitted and is the principal cause of failed replication. Where
the receiving unit sits outside the firm the requirement binds
harder, which is why supplier frameworks oriented to joint
innovation (lke et al., 2021) and explicit strategic objectives
(Akinleye & Adeyoyin, 2022b) depend on codification a
partner can act on.

Structured replication assessment: Candidate solutions are
matched against the conditions of other sites, itself an
analytical task suited to enterprise process data. Rather than
broadcasting solutions and hoping for adoption, the system
identifies sites where conditions match and quantifies
expected gain (Ferdows, 2006; Netland & Aspelund, 2013).
Programmatic accounts of large-scale deployment concur,

reporting that transferable lessons are those recorded with
their enabling conditions rather than as project outcomes
(Yeboah & Ike, 2020).

Standard work update; Validated improvements update the
governing standard rather than existing as site-level
deviations. Without this, the improvement is lost at the next
personnel change, the erosion dynamic modelled by
Repenning and Sterman (2002).

Framework revision: The routing rules are themselves
hypotheses subject to revision. Where routing decisions
systematically produce poor outcomes for a signature class,
the classification or the rules are amended, constituting a
second-order learning loop.

Propositions

The framework yields the following testable propositions.
P1. The positive relationship between improvement program
intensity and operational performance is moderated by
foundation-layer maturity, such that programs implemented
on weak data infrastructure and low process standardization
exhibit substantially attenuated returns.

P2. Organizations employing explicit problem-signature
routing achieve higher improvement project success rates
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than organizations selecting methods by practitioner training
or functional ownership, controlling for program size and
project complexity.

P3. Sequencing Lean before Six Sigma on processes
exhibiting both structural waste and excess variation yields
greater loss reduction per unit of improvement resource than
the reverse sequence or than parallel application.

P4. The marginal contribution of analytics to quality
performance increases with process instrumentation density
and with the dimensionality of the process parameter space,
and is negligible in low-dimensional, well-understood
processes.

P5. Measurement system validation prior to method
assignment reduces the incidence of failed and abandoned
improvement projects.

P6. The presence of translational roles at the improvement-
analytics interface positively mediates the relationship
between analytics investment and operational quality
outcomes.

P7. Solution codification that includes explicit validation
conditions increases cross-site replication rates relative to
codification recording only the change implemented.

P8. Codification of causal mechanism, or know-why,
moderates the relationship between local improvement
performance and enterprise-level performance, such that
firms codifying mechanism convert local gains into system
gains at a higher rate.

P9. Loss decomposition preceding project selection produces
improvement portfolios with higher aggregate financial
return than nomination-based selection, and the difference
increases with the number of sites in the operation.

P10. Integration effects are supermodular: the performance
contribution of any one capability is increasing in the level of
the other two, such that balanced capability configurations
outperform configurations of equal total investment
concentrated in a single capability.

P11. Allocating a protected proportion of analytical capacity
to  exploratory, non-hypothesis-driven  investigation
positively predicts the rate of novel problem identification,
and this relationship is stronger in dynamic operating
environments than in stable ones.

P12. The relationship between framework adoption and

performance is moderated by punitive versus developmental
use of process data, such that punitive use degrades data
quality and attenuates or reverses the expected benefit.

P13. Absorptive capacity at the receiving site moderates the
relationship between codification quality and realized
replication, such that codification alone is insufficient where
receiving sites lack related prior knowledge.

P14. Framework-level effects on adaptive performance,
measured as speed of recovery from process disruption or
product changeover, exceed framework-level effects on static
efficiency measures, reflecting the dynamic capability
mechanism specified earlier.

internationalmultiresearch.com

Implementation and Measurement

A Phased Implementation Sequence

The framework implies a sequenced implementation, since
the layers are dependent. Four phases are proposed. Phase
durations are indicative and will vary with the number of
sites, process heterogeneity, and the starting maturity of the
data estate.

Phase 1: Foundation (typically 6 to 12 months): Establish
unified sponsorship and governance. Construct master data
consistency across sites. Audit and remediate data quality at
source, including sensor calibration and manual entry points
(Hazen et al., 2014). Document standard work to the level
required for deviation detection, and map existing
improvement and analytics capability. The characteristic
error is proceeding to Phase 2 while joinability remains
unsolved, which produces analytical output that cannot be
trusted.

Phase 2: Diagnostic capability (3 to 6 months): Build loss
decomposition to the process-step level in a consistent
financial unit. Classify major loss pools by signature.
Establish routing rules and the governance forum that applies
them. Rebuild the project portfolio against decomposed loss
rather than nominated projects. This phase frequently reveals
that a substantial share of existing improvement activity
addresses immaterial loss pools, a politically difficult finding
that must be anticipated.

Phase 3: Engine integration (6 to 18 months): Establish the
shared taxonomy and handoff protocols. Create and staff
translational roles. Execute an initial set of hybrid pathway
projects deliberately selected to span signature classes, both
to demonstrate the routing logic and to expose protocol
defects. Instrument previously unmeasured variables
identified during Phase 2. Netland and Ferdows (2016)
suggest benefit accrual in multi-plant programs follows an S-
curve, so early flat performance should not be read as failure.

Phase 4: Learning system (continuous, initiated by month
18): Deploy solution codification with validation conditions.
Build  replication  matching  capability.  Integrate
improvements into governing standard work. Institute
periodic review of routing rule performance and revise.

Measurement Architecture

Testing the framework requires measurement at four levels,
drawing on the performance measurement literature (Kaplan
& Norton, 1992) and validated instruments for lean practice
(Shah & Ward, 2007), Six Sigma structure (Schroeder et al.,
2008), quality practices (Flynn et al., 1994), and analytics
capability (Akter et al., 2016; Mikalef et al., 2020). Two
cautions carry over: dashboards change behavior through
what they make visible rather than what they compute (Orise
& Niniola, 2022), and customer-facing measures can diverge
from internal conformance measures (Sakyi et al., 2022a).
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Table 6: Measurement architecture

Level Construct Illustrative measures
Foundation Data infrastructure Proportion of process steps with joinable data; master data consistency rate; sensor calibration
maturity compliance
Foundation Process Proportion of steps with current documented standard work; adherence audit score
standardization
Foundation | Psychological safety Validated team-level scale; incident reporting rate relative to observed deviation rate
. . - Correlation between loss pool magnitude and improvement resource allocation; share of projects
Diagnostic Portfolio alignment ) .
addressing top-decile loss pools
Diagnostic Routing fidelity  |Share of projects whose assighed method matches signature classification; post-hoc routing error rate
Engine Project effectiveness | Project success rate; median cycle time by signature class; realized versus forecast financial benefit
Engine Integration activity Bidirectional handoff count; hybrid pathway project share; joint-team project share
. N Cross-site replication rate; median time from validation to second-site implementation; codification
Learning Replication
completeness score
Outcome Quality Defect rate; first-pass yield; cost of poor quality as share of revenue; customer-reported defect rate
Outcome Efficiency Overall equipment effectiveness; unit cost; inventory turns; lead time
Outcome Adaptive Changeover time; time to stability after disruption; time to yield maturity on new products

The inclusion of adaptive outcomes reflects Proposition 14
and distinguishes this architecture from conventional quality
scorecards, which capture static efficiency well and adaptive
capacity poorly.

Discussion

Positioning Relative to Prior Integration Models

The framework can be located against three positions. The
additive position holds that the methodologies contribute a
combined toolkit from which the practitioner selects (George,
2002); the framework accepts the complementarity but
rejects leaving selection unspecified, since unspecified
selection defaults to training. The maturity position holds that
organizations progress through stages toward an integrated
end state; the framework shares the sequencing intuition but
grounds it in dependency rather than developmental stage.
The technological position treats digital capability as
transformative and older methodologies as legacy
(Zonnenshain & Kenett, 2020); analytics in fact holds
comparative advantage over one bounded class of problem
and none over structural waste.

What the framework adds to all three is a decision rule. Prior
models specify what an integrated system contains; the
routing logic specifies what an integrated system does when
confronted with a particular loss, which is the level at which
integration either happens or fails in practice.

Boundary Conditions

The framework is bounded in five respects. It suits large-
scale, multi-site operations; in single-site settings the
diagnostic and learning layers impose disproportionate
overhead. It assumes instrumentation characteristic of
manufacturing, logistics, and transaction-intensive services
rather than craft production, and managerial stability
sufficient for a multi-year implementation. It assumes loss
can be expressed in a common financial unit, which weakens
where the dominant outcome is safety, regulatory, or
reputational, as in healthcare (Radnor et al., 2012; Antony et
al., 2018) and wherever environmental and compliance
outcomes enter the objective function (Okojie et al., 2020;
Okojie & Abioye, 2020); decomposition remains possible
there but requires a multi-criteria unit. And it assumes
process repetition sufficient for statistical characterization.

Implications

Theoretical Implications

The paper makes four theoretical contributions. First, it
advances the Lean Six Sigma integration literature from an
assertion of complementarity to a specification of when each
method holds comparative advantage, through a problem-
signature construct that is empirically tractable because
signatures are defined by observable properties of loss.
Second, it extends contingency reasoning in quality
management (Sousa & Voss, 2002; Zhang et al., 2012) from
the organization to the individual problem: the relevant
contingency is not only which practices suit which
environments but which methods suit which problems within
one environment.

Third, it applies organizational information processing theory
to reconcile the competing positions in the lean-digitalization
literature (Buer et al., 2018). Lean reduces information
processing requirements while analytics increases processing
capacity; the two are complements whose sequencing follows
from the theory rather than from preference.

Fourth, it connects quality management to the replication
literature (Szulanski, 1996; Winter & Szulanski, 2001; Lapré
& Van Wassenhove, 2001), proposing that codifying
validation conditions is the mechanism converting local
improvement into enterprise value, which reframes a change
management problem as one of knowledge representation.

Managerial Implications

Three implications are salient. Method selection should be
governed rather than left to functional ownership, which
requires an explicit forum and explicit rules. Analytics
investment  should follow joinability —work and
standardization, since sophistication applied to unjoinable
data yields confident conclusions of unknown validity. And
codifying validation conditions, routinely cut under schedule
pressure, is what turns local improvements into enterprise
value. A fourth concerns capability: the translational role
does not correspond to existing certification pathways, which
train belts in statistics and data scientists in modelling but
rarely produce fluency in both.

A fourth concerns capability development. The translational
role posited in the foundation layer has no existing
certification pathway, since belts are trained in statistics and
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data scientists in modelling but rarely both, so organizations
will need to develop it internally.

Implications for Standards, Certification, and Training
The framework also bears on the standards apparatus. 1SO
9001 specifies what a quality management system must
document but is agnostic about method selection, and
certification outcomes depend on whether the standard is
treated as an improvement platform or a compliance exercise
(Naveh & Marcus, 2005; Terlaak & King, 2006). The routing
logic is compatible with certification and adds what standards
do not supply: a documented basis for deciding how a
nonconformity should be investigated. Belt curricula raise a
parallel issue, being organized around a methodology rather
than a class of problem. If the routing logic has merit,
certification should treat diagnosis and method selection as a
competence taught before the tools of any methodology, a
point on which the literature offers little guidance despite
attention to training (Kwak & Anbari, 2006; Albliwi et al.,
2014; Laureani & Antony, 2018).

Limitations

The principal limitation is that the framework is conceptual
and has not been empirically validated; the propositions
derive from theory and from the pattern of findings in the
reviewed literature. Several are demanding to test:
Proposition 10 requires capability measurement precise
enough to detect interaction effects, and Proposition 3 is most
credibly tested through field experimentation that is difficult
to arrange.

The signature taxonomy of Table 4 is proposed on analytical
grounds and requires empirical refinement. The five
categories are unlikely to be exhaustive or cleanly separable,
and many real loss pools will exhibit mixed signatures.
Establishing inter-rater reliability in signature classification
is a prerequisite for testing Proposition 2 and is a worthwhile
study in its own right.

A further limitation is that the framework treats the three
methodologies as relatively stable entities, when each is itself
evolving. Six Sigma's statistical core is being extended by
machine learning methods, lean is being reinterpreted
through digital process mining, and analytics is being
reshaped by developments in causal inference that may
eventually narrow the gap between exploratory and
confirmatory work.

A fourth limitation concerns the evidence base, drawn
disproportionately from North American, European, and
Japanese manufacturing. Since several framework
mechanisms are cultural and behavioral, their operation
elsewhere cannot be assumed: Naor et al. (2008) and Zu et
al. (2010) showed culture conditions outcomes without
establishing how those relationships travel across national
contexts. The supplementary corpus described in the method
partially offsets this, drawing on operations research in
African and other emerging-market settings, including
procurement practice in local manufacturing enterprises
(Efobi et al., 2022a), but that literature is predominantly
conceptual, broadening the contexts considered without
strengthening the evidentiary base.

Future Research

Five research directions follow. Case-based validation across
contrasting industries would establish transferability. Survey
testing using the instruments identified above would address
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the supermodularity claim. Longitudinal study would test the
sequencing logic of the roadmap against the alternative that
phases can be compressed. The translational role warrants
dedicated investigation given the capability investment
implied. And the interaction with emerging causal inference
methods deserves attention, since the second routing rule
rests on assumptions about the limits of observational data
that these methods may relax.

Research designs differ by proposition. The routing and
sequencing claims of Propositions 2 and 3 are causal
statements about method choice, best approached through
design science in which routing rules are varied across
comparable loss pools. The capability and complementarity
claims of the sixth and tenth propositions suit survey work,
provided samples are large enough to detect interaction
terms. The replication claims of Propositions 7, 8, and 13
require site-pair rather than firm-level data, a unit multi-plant
firms hold internally but that appears rarely in published
research. Propositions 1 and 12 suit multiple-case theory
elaboration, and the layer dependency structure is a dynamic
claim that simulation of the kind used by Repenning and
Sterman (2002) could test first.

Conclusion

Large-scale operations have accumulated three improvement
capabilities that developed separately and, in most
organizations, remain separate. Lean addresses structural
waste through observation and flow, Six Sigma variation
through structured statistical inquiry, and analytics latent
pattern through inductive search. Each is effective against the
class of problem for which it was designed and weak against
the others, yet organizations apply whichever they own rather
than whichever the problem warrants.

This paper has proposed the Integrated Quality Architecture,
a four-layer framework in which a foundation of governance,
culture, and data infrastructure supports a diagnostic layer
that decomposes operational loss, classifies it by signature,
routes each pool to the appropriate treatment, and feeds
validated solutions into a learning layer that propagates them
across sites. Its distinguishing features are the routing logic,
which converts the claim of complementarity into decision
rules grounded in observable problem properties, and the
codification requirement, which converts local improvement
into enterprise capability.

The argument rests on a simple premise. The binding
constraint in large-scale quality management is not the
absence of tools, nor of data, but of an architecture
determining which tool to apply to which problem and how
to convert a local answer into an enterprise one. Whether the
architecture proposed here is the right one is an empirical
question, and the fourteen propositions are intended to make
it answerable.

Appendix A. Consolidated Library Seed Integration Map
Forty-one entries from the supplied consolidated reference
library were selected from 827 on the basis of direct bearing
on quality management systems, Lean or Six Sigma method,
analytics capability, process standardization, or multi-site
operation, and on publication within the manuscript's 2022
upper bound. Entries that were topically adjacent but not
load-bearing for this argument were excluded. Each retained
entry is cited in the narrative at the point recorded below, not
only in the reference list.

150|Page



International Journal of Multidisciplinary Evolutionary Research

Table 7: Seed
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reference integration map

Seed reference

Section

Function in the argument

Adaramola et al. (2018)

Model: methodological engine

Condition monitoring as the transitional step between reactive response and
predictive regimes; anchors the S3 stage of the hybrid pathway.

Aifuwa et al. (2020)

Lit. synthesis: analytics and
Quality 4.0

Predictive analytics applied to forecasting and inventory inefficiency;
evidence that analytics attaches to loss pools Lean cannot see.

Akinleye and Adeyoyin (2021)

Lit. synthesis: Lean

Procurement process automation that removes steps rather than optimizing
them; a worked S1 structural-waste case.

IAkinleye and Adeyoyin (2022a)

Lit. synthesis: prior integration

Method adaptation targeted at a single cost lever; illustrates adapting
method to organization rather than to problem.

Akinleye and Adeyoyin

Model: learning and

Supplier relationship framework requiring codification a partner can act on

(2022b) propagation without the originating context.
Akin-Oluyomi and Akhigbe . - Quality governance across dispersed retail units; addresses the multi-unit
(2022) Lit. synthesis: QM systems setting the survey tradition leaves aside.

Akin-Oluyomi et al. (2020)

Lit. synthesis: analytics and
Quality 4.0

Conventional analytical tooling carrying practical load in procurement
analysis; supports the delivery-layer argument.

Ambali et al. (2021)

Lit. synthesis: prior integration

Lite-DMAIC adaptation for organizations that cannot support a belt
hierarchy; the resource-constraint response to method rigidity.

Anene and Clement (2022)

Lit. synthesis: analytics and
Quality 4.0

Predictive analytics and sensor data in logistics; monitoring application that
leaves method selection unaddressed.

Atta et al. (2021)

Lit. synthesis: statistical
foundations

Non-destructive testing for weld integrity; measurement system as binding
constraint, supporting Rule 4.

Atta et al. (2022)

Lit. synthesis: statistical
foundations

Inspection standards and quality assurance in large-scale power generation;
conformance assurance at population scale.

Efobi et al. (2021)

Lit. synthesis: analytics and
Quality 4.0

Data-driven operations management framed as improvement discipline
rather than reporting function.

Efobi et al. (2022a)

Limitations

Procurement practice in local manufacturing enterprises in Africa; offsets
the geographic skew of the main corpus.

Efobi et al. (2022b)

Lit. synthesis: analytics and
Quality 4.0

Closest antecedent in the library: a data-driven lean optimization model,
conceptual rather than empirical.

Eyetsemitan et al. (2020)

Lit. synthesis; Foundation layer

Governance alignment across parties with divergent objectives in regulated
operations; supports the single-owner requirement.

Eyetsemitan et al. (2022)

Model: foundation layer

Standard operating procedures as analytical preconditions rather than
administrative overhead.

Falemi et al. (2020)

Model: foundation layer

Talent development across distributed operations; capability building is not
solved by certifying more specialists.

Filani et al. (2022)

Lit. synthesis: analytics and
Quality 4.0

Real-time machine learning risk dashboards; monitoring without a specified
improvement response.

Gideon et al. (2019)

Lit. synthesis: statistical
foundations

Reliability engineering and failure analysis in complex systems; failure-
mode framing prior to statistical analysis.

lke et al. (2021)

Model: learning and
propagation

Supplier relationship strategies oriented to joint innovation; cross-boundary
propagation of validated practice.

lke et al. (2022)

Lit. synthesis: Lean

Lean practice reducing waste across distributed operations; structural and
locational nature of the waste Lean addresses.

llodigwe and Adesemoye
(2021)

Model: foundation layer

Data layer as system backbone rather than application infrastructure; the
joinability requirement stated architecturally.

Mayo et al. (2021)

Model: methodological engine

Machine learning predictive maintenance; supplies the S4 latent-pattern
stage of the maintenance pathway.

Mbonu et al. (2021a)

Model: foundation layer

Risk-based business intelligence architecture; governance of the analytical
layer.

Nnabueze et al. (2021)

Model: foundation layer

End-to-end visibility and traceability across multi-party operations; cross-
site joinability in practice.

Obogo et al. (2019a)

Model: foundation layer

Leadership-driven culture transformation in large workforces; safety-
management parallel to psychological safety.

Obriki et al. (2022a)

Model: foundation layer

Training designed around operational risk reduction rather than
compliance; culture as precondition for usable data.

Okojie and Abioye (2020)

Discussion: boundary

Decision framework balancing compliance against lifecycle environmental

conditions burden; multi-criteria rather than monetary loss unit.
. Discussion: boundary ESG-integrated procurement models; boundary case where the common
Okojie etal. (2020) conditions financial unit assumption weakens.

Orise and Niniola (2022)

Measurement architecture

Real-time dashboards change behavior through what they make visible;
measurement design caution.

Owoade et al. (2022)

Model: diagnostic and routing

Analytics allocating scarce resource against need rather than demand,;
supports loss-based portfolio allocation.

Oyeleye et al. (2022)

Lit. synthesis: Lean

Cycle-time redesign locating delay in handoffs rather than tasks; canonical
S1 signature.

Sakyi et al. (2022a)

Measurement architecture

Customer-facing outcome measures diverging from internal conformance
measures.

Sakyi et al. (2022b)

Model: diagnostic and routing

KPI frameworks for accountability across large commercial organizations;
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the consistent measurement frame loss decomposition requires.

Lit. synthesis: analytics and

Sanni and Atima (2021b) Quality 4.0

Business intelligence dashboards as remedy for executive visibility gaps.

Sunday and Omoegun (2022)

Model: methodological engine

Sensor-based fault detection supplying the S3 special-cause signal.

Sunday et al. (2020) Model: methodological engine

Transition from reactive to predictive maintenance reorganizing the work,

not only anticipating failure.

Tonoyan et al. (2021a) Lit. synthesis: analytics and

Forecasting models for planning accuracy; conceptual integration appetite

Quality 4.0 outpacing evidence.
Lit. synthesis: analytics and | Simulation-based algorithmic process optimization; technique family for
Tonoyan et al. (2022b) Quality 4.0 the S5 systemic signature.
Tonoyan et al. (2022c) Lit Symgej;fi:t;nf Ig/tlcs and Machine learning applied to predictive cost optimization.

Model: learning and
propagation

Yeboah and Ike (2020)

Programmatic deployment at scale; transferable lessons are those recorded

with enabling conditions.

Three qualifications apply. First, the library entries are
predominantly conceptual frameworks and reviews rather
than hypothesis-testing studies, so they are used here to
evidence the existence and shape of a problem, not to
establish effect sizes. Second, they were transcribed verbatim
from the supplied list and inherit any errors it contains, so
volume, issue, and page ranges should be spot-checked
before submission. Third, year suffixes follow the source list;
verify that they remain internally consistent if further entries
are added.
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