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System  Shift; manufacturing Manufacturing continuity in pharmaceutical systems is increasingly
resilience; pharmaceutical exposed to structural turbulence arising from supply disruptions,
manufacturing; bottleneck severity; energy volatility, regulatory dependencies, capacity concentration,
supply chain resilience. and quality system constraints. Although conventional manufacturing

indicators, such as utilization and output, remain useful for
operational monitoring, they often provide limited explanatory power
when addressing why some manufacturing systems remain adaptive
while others experience delays, stagnation, or fragility. This study
introduces System Shift as a structural diagnostic framework for
assessing manufacturing resilience within an anonymized Indian
pharmaceutical manufacturing group. The framework operationalizes
seven dimensions: System Condition (SC), Domain Lock (DL), Actor
Complexity (AC), Chokepoint Severity (CP), Position Quality (POS),
Strategy Quality (STR), and Feedback Maturity (FB). Using a
synthetic-anonymized dataset comprising 64 manufacturing cases,
this study examined whether the framework predicted Delay_Days,
Progression, Success, and Continuity_Index more effectively than
conventional utilization-based status indicators. The results provided
strong exploratory empirical support for the framework. Chokepoint
Severity (CP) demonstrated a strong correlation with Delay_Days (r
= 0.863) and significantly predicted delays in linear regression
analysis (R2 = 0.744; p < 0.001). The composite
System_Shift_Risk_Score demonstrated an even stronger predictive
capability for Delay_Days (R2 = 0.836; p < 0.001) and substantially
outperformed utilization-only status in predicting Delay_Days,
Success, and Progression. Strategy Quality significantly predicted
Success and Progression in logistic regression models, whereas
Feedback Maturity demonstrated positive but weaker directional
effects. Feature importance analysis and cluster analysis further
identified three theoretically coherent manufacturing states: adaptive
low-risk, transitional medium-risk, and stagnant high-risk.

INTRODUCTION

Pharmaceutical manufacturing systems now operate in an environment where continuity
cannot be inferred solely from output performance. A manufacturing site may demonstrate high
utilization while remaining vulnerable to disruption; conversely, another site may maintain
deliberate capacity flexibility and demonstrate greater resilience (Ambulkar et al., 2015) under
adverse conditions. Global manufacturing has become increasingly exposed to supply
interruptions (Christopher & Peck, 2004), geopolitical shocks, energy volatility, regulatory
constraints, labor limitations, logistics disruptions, and technology-dependent quality systems.
Under these conditions, the central managerial question is no longer simply how efficiently a
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facility operates, but whether the manufacturing network can sustain operations, adapt, and
recover when pressures accumulate unevenly across the system.

The established literature (Kamalahmadi & Parast, 2016) on supply chain resilience
(Chari et al., 2024) has moved beyond a narrow focus on efficiency. (Christopher & Peck,
2004) (Ponomarov & Holcomb, 2009), (Pettit et al., 2010), and (Bhamra et al., 2011)
demonstrated that resilience (Hohenstein et al., 2015) requires the ability to absorb disruptions,
respond effectively, recover, and reorganize. More recent studies have expanded this
perspective by conceptualizing supply chains as interconnected, adaptive, and structurally
vulnerable networks (Hosseini et al., 2019; Ivanov & Dolgui, 2020). In pharmaceutical
manufacturing, these challenges are more pronounced because operational capabilities are
embedded within validated processes, regulated facilities, qualified suppliers, analytical
methods, and product-specific quality systems.

This study (Wieland & Durach, 2021) developed and validated System Shift as a
structural diagnostic framework for assessing manufacturing continuity. The framework was
not intended to serve as another set of operational performance indicators but rather as an
approach for examining the underlying system architecture that generates delay, progression,
success, or stagnation. Its central proposition is that manufacturing outcomes emerge from the
interaction between pressure-related conditions and adaptive capabilities. Pressure-related
dimensions include System Condition, Domain Lock, Actor Complexity, and Chokepoint
Severity, whereas adaptive dimensions include Position Quality, Strategy Quality, and
Feedback Maturity. When accumulated pressures exceed the system’s ability to reposition,
respond, and learn, manufacturing cases are more likely to transition toward stagnation.

The contribution of this research is twofold. First, it translates established resilience
(Akpan et al., 2022)theory into an operational diagnostic framework that can be applied at the
manufacturing case level. Second, it provides empirical evidence regarding the effectiveness
of a structural diagnostic approach compared with conventional utilization-based monitoring
in predicting manufacturing outcomes. For practitioners, the framework offers a practical tool
for identifying structural vulnerabilities and informing targeted intervention strategies. For
researchers, it provides a foundation for further development (Chowdhury & Quaddus, 2017)
and validation of structural diagnostic approaches to manufacturing continuity. By
demonstrating the explanatory capability of the System Shift framework, this study contributes
to the growing literature advocating a transition from efficiency-centered to resilience-oriented
manufacturing management. The novelty of this approach lies in integrating pressure-related
and adaptive dimensions into a unified diagnostic framework that can be operationalized and
empirically tested.

Efficiency, resilience, and the limits of utilization-based manufacturing logic

Manufacturing management has long relied on efficiency, throughput, utilization, cost
control, and process reliability. These are legitimate and necessary indicators, but they can
become misleading when interpreted as sufficient markers of resilience. A high-utilization
system may be financially attractive in stable periods, yet lack the spare capacity, alternative
routing, supplier redundancy, and recovery options needed when disruption occurs.
Conversely, a system with moderate utilization may appear less efficient but possess the slack
required for continuity.
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Supply chain resilience research has therefore emphasized flexibility, redundancy,
visibility, collaboration, and recovery capability (Christopher & Peck, 2004; Pettit et al., 2010;
(Brandon-Jones et al., 2014). The point is not that efficiency is undesirable. The deeper point
is that efficiency without structural adaptability may become fragility. (Simchi-Levi et al.,
2018) show that process flexibility and inventory can increase robustness, while lvanov and
Dolgui (2020) extend resilience toward viability and survivability in intertwined supply
networks. These arguments are especially relevant to pharmaceutical manufacturing, where
validated process routes and regulatory requirements make instantaneous substitution difficult.
Bottlenecks, chokepoints, and manufacturing stagnation

Bottleneck theory has long recognized that constraints exert disproportionate influence
on system performance. In real manufacturing systems, however, bottlenecks are not always
static or visible from utilization alone. They may emerge from equipment concentration,
quality release capacity, method-transfer dependency, regulatory approval, warehouse
occupancy, energy exposure, or decision latency. (LAWRENCE & BUSS, 1994) emphasized
that production bottlenecks can shift across the system, while later work on dynamic bottleneck
analysis shows that diagnosis matters as much as detection. A detected bottleneck only
becomes actionable when the organization understands its severity, location, persistence, and
system-level consequences.

The System Shift term Chokepoint Severity is broader than ordinary bottleneck presence.
It refers to the intensity of the active constraint blocking transition from one manufacturing
state to another. A high-CP case is not merely busy or delayed. It is structurally constrained in
a way that makes ordinary effort insufficient. This distinction matters because a manufacturing
case can continue to generate meetings, reports, batches, or corrective actions while still being
unable to move into an adaptive state.

Feedback maturity and adaptive manufacturing

Manufacturing systems learn through deviations, out-of-specification events, downtime
signals, change controls, batch failures, supplier delays, quality complaints, scheduling
disruptions, and post-intervention review. Yet data do not become learning automatically.
Feedback becomes mature only when signals are captured, interpreted, escalated, corrected,
and encoded into future decisions. This is consistent with organizational (Wulandhari et al.,
2023) learning theory, where learning requires transformation of experience into changed
routines and improved decisions (Argote, 2013; March, 1991).

In System Shift, Feedback Maturity is therefore not the number of reports produced. It is
the system capacity to shorten the distance between deviation and correction. In a
manufacturing context, this includes quality metrics, digital visibility, crisis communication,
root-cause discipline, learning loops, and cross-site knowledge transfer. The present analysis
tests whether Feedback Maturity and Strategy Quality predict Success and Progression as
adaptive-side variables.

System Shift Manufacturing Framework

The System Shift Manufacturing framework contains seven dimensions. The first four
represent structural pressure, while the last three represent adaptive response capacity. The
composite score is calculated as follows: System_Shift_Risk_Score = SC + DL + AC + CP -
POS-STR-FB
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Higher values indicate greater structural fragility. Lower or negative values indicate that
adaptive capacity offsets structural pressure.

Table 1. System Shift Manufacturing dimensions and expected empirical behavior.

Code Dimension Operational definition Expected empirical sign

sC System Condition Baseline  pressure and uncertainty Positive with delay and
surrounding the manufacturing case stagnation

DL Domain Lock Degree of lock-in to site, process, supplier, Positive with delay and
regulation, or legacy pathway stagnation

AC Actor Complexity Density of actors and decision nodes Positive with  coordination
required for movement burden

CP Chokepoint Intensity of the active constraint blocking Strong positive predictor of

Severity system movement delay

POS  Position Quality Quality of strategic positioning relative to  Positive with success, negative
leverage points with delay

STR  Strategy Quality Quality of intervention against the real Positive with success and
constraint progression

FB Feedback Maturity ~ Strength of iterative learning, correction, Positive with adaptive
and signal closure movement

Research Questions and Hypotheses
The study examines four research questions. RQ1 asks whether Chokepoint Severity

predicts manufacturing delay and stagnation. RQ2 asks whether Strategy Quality and Feedback

Maturity predict Success and Progression. RQ3 asks whether the System_Shift_Risk_Score

outperforms conventional manufacturing status. RQ4 asks whether cases cluster into

theoretically meaningful manufacturing states.

H1. Chokepoint Severity is positively associated with Delay_Days and stagnation.

1. H2. Pressure-side variables are positively associated with System_Shift_Risk_Score and
Delay_Days.

2. H3. Strategy Quality and Feedback Maturity are positively associated with Success and
Progression.

3. H4. System_Shift_Risk_Score predicts Delay Days, Success, and Progression more
effectively than conventional utilization-based status.

4. H5. Cluster analysis yields interpretable adaptive, transitional, and stagnant manufacturing
states.

METHOD
Research design and data

This study employed an exploratory empirical validation design. The analytical dataset
consisted of 64 synthetic-anonymized manufacturing cases from an Indian pharmaceutical
manufacturing setting. The dataset was constructed to represent structural manufacturing
patterns while excluding identifiable information related to companies, sites, products, and
personnel. Therefore, it was treated as a pilot validation dataset rather than a public operational
database.

The analysis included descriptive statistics, correlation analysis, linear regression,
logistic regression, random forest feature importance analysis, and cluster analysis. The
variables were operationalized with Success represented as Continuity_Success, Progression
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coded as 1 for Adaptive or Transitional cases and 0 for Stagnant cases, and Continuity_Index
represented as Continuity Performance_Index. The System_Shift Risk Score was
recalculated based on the specified formula.

Variables

The seven System Shift predictors were SC, DL, AC, CP, POS, STR, and FB. The
primary continuous outcome was Delay Days. Binary outcomes were Progression and
Success. Continuity_Index was retained as a continuous indicator of manufacturing continuity
performance. Conventional status was represented by utilization category coded as Low = 1,
Medium = 2, and High = 3.

Statistical analysis

The analysis followed six steps. First, descriptive statistics summarized variation in the
System Shift predictors and outcomes. Second, Pearson correlations tested expected
relationships between pressure-side variables, adaptive-side variables, and outcomes. Third,
simple linear regression tested CP and System_Shift_Risk_Score as predictors of Delay_Days.
Fourth, logistic regression tested FB, STR, and System_Shift_Risk_Score as predictors of
Success and Progression. Fifth, model comparison evaluated whether the System Shift risk
score outperformed conventional utilization-only status using R2 for Delay_Days and AUC for
binary outcomes. Sixth, random forest feature importance and K-means cluster analysis
examined predictive salience and state-based structure.

Because the dataset is synthetic-anonymized and exploratory, the analysis emphasizes
criterion-related validity, directional coherence, incremental predictive validity, and state
interpretability rather than final generalizable proof. A larger independent sample, inter-rater
coding, and prospective validation would be required for confirmatory claims.

RESULTS AND DISCUSSION
Descriptive statistics

The dataset contained 64 manufacturing cases. Mean Delay Days was 22.3 days (SD =
12.1), while Success averaged 0.297. The System_Shift Risk_Score ranged from -4 to 6,
indicating sufficient dispersion to distinguish adaptive and structurally fragile configurations.

Table 2. Descriptive statistics for System Shift variables and outcomes.

Variable Mean SD Min Median Max
SC 2.938 0.393 2.000 3.000 4.000
DL 2.922 0.741 1.000 3.000 4.000
AC 3.219 0.417 3.000 3.000 4.000
CP 2.781 0.917 1.000 3.000 5.000
POS 3.562 0.560 3.000 4.000 5.000
STR 3.594 0.583 3.000 4.000 5.000
FB 3.172 0.656 2.000 3.000 4.000
Risk score 1.531 2.469 -4.000 2.000 6.000
Delay days 22.297 12.149 2.000 25.000 54.000
Progression 0.516 0.504 0.000 1.000 1.000
Success 0.297 0.460 0.000 0.000 1.000
Continuity index 64.980 22.314 18.400 61.400 100.000
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Correlation structure

The correlation structure supports the pressure-versus-adaptation architecture of System
Shift. CP correlated strongly with Delay Days (r = 0.863) and negatively with
Continuity_Index (r = -0.867). CP also correlated negatively with Progression (r = -0.714),
which means that higher chokepoint severity was associated with greater stagnation. The
System_Shift_Risk_Score showed an even stronger relationship with Delay_Days (r = 0.914)
and Continuity_Index (r = -0.907).

Adaptive-side variables moved in the expected direction. Strategy Quality correlated
negatively with Delay_Days and positively with Success, Progression, and Continuity_ _Index.
Feedback Maturity also moved in the theoretically expected direction, although its bivariate
and multivariate strength was weaker than that of Strategy Quality.
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Figure 1. Correlation structure of System Shift variables and manufacturing outcomes.
Pressure-side variables, especially CP and DL, align positively with delay and risk; adaptive-
side variables generally align with progression, success, and continuity.

Table 3. Key correlations among System Shift variables and outcomes.

Variable Delay Risk score Progression Success Continuity
SC -0.076 0.116 0.085 0.016 0.070

DL 0.731 0.804 -0.656 -0.722 -0.718

AC 0.417 0.487 -0.395 -0.344 -0.367

CcpP 0.863 0.719 -0.714 -0.671 -0.867

POS -0.433 -0.633 0.419 0.573 0.473

STR -0.601 -0.674 0.454 0.574 0.567

FB -0.287 -0.332 0.256 0.144 0.291

Risk score 0.914 1.000 -0.785 -0.825 -0.907
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Linear regression results

Linear regression shows that CP is a strong predictor of Delay Days. The CP model
produced a slope of 11.4315, intercept of -9.4970, R2 = 0.7439, and p < 0.001. Substantively,
every one-point increase in CP was associated with approximately 11.43 additional delay days.
The System_Shift_Risk_Score model was stronger, with slope = 4.5005, intercept = 15.4055,
R2 =0.8362, and p < 0.001. This means that delay is not only a function of a single bottleneck
but also of the broader configuration of pressure and adaptive capacity.

CP predicts manufacturing delay (R2=0.744)
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Figure 2. Chokepoint Severity predicting manufacturing delay. The fitted line illustrates the
strong positive relationship between CP and Delay_Days.

Table 4. Linear regression models predicting Delay Days.

Model Coefficient Intercept R2 p-value
Delay Days ~ CP 11.432 -9.497 0.744 <0.001

Delay_Days ~ Risk score 4.500 15.406 0.836 <0.001

Delay_Days ~ Utilization status 1.426 19.266 0.009 0.468

Logistic regression and predictive validity

Logistic regression supported the adaptive-side claim mainly through Strategy Quality.
In the Success model using FB and STR, the model reached AUC = 0.817. STR had a positive
and significant association with Success, with an odds ratio of approximately 28.38. FB was
positive but not significant in that model. For Progression, the FB and STR model reached
AUC = 0.769, and STR again showed a significant positive effect with an odds ratio of
approximately 6.08. These results imply that adaptive movement depends especially on
strategy that directly targets the active constraint.

The System_Shift_Risk_Score demonstrated very high discriminatory performance, with
AUC =0.995 for Success and AUC = 0.964 for Progression. The Success model showed quasi-
separation, so the p-value of the risk-score coefficient should not be interpreted mechanically.
The sign, AUC, and accuracy remain substantively informative: higher risk scores strongly
reduce the probability of success and progression.

Table 5. Logistic regression summary for Success and Progression.

Model Target Accuracy AUC ORFB ORSTR/Risk Interpretation
FB + STR  Success 0.750 0.817 1.056 28.383 STR significant; FB positive
but weak
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Model Target Accuracy AUC ORFB ORSTR/Risk Interpretation

FB + STR  Progression 0.719 0.769 1.994 6.077 STR significant; FB positive
but weak

Risk score  Success 0.953 0.995 NA ~0 Quasi-separation; interpret
AUC and direction

Risk score  Progression 0.906 0.964 NA 0.166 Higher risk lowers

progression

Model comparison: System Shift versus utilization-only status

The strongest evidence for incremental validity comes from model comparison.
Utilization-only status almost failed to explain Delay Days, with R2 = 0.009. By contrast,
System_Shift_Risk_Score explained 83.6% of the variance in Delay_Days. For binary
outcomes, utilization-only status had weak discrimination, with AUC = 0.589 for Success and
AUC = 0.531 for Progression. The System Shift risk score achieved AUC = 0.995 for Success
and AUC = 0.964 for Progression. This pattern indicates that System Shift provides substantial
explanatory value beyond conventional manufacturing status.

Incremental predictive validity over conventional status
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Figure 3. Model comparison between utilization-only status and System_Shift_Risk_Score.
System Shift substantially outperforms conventional status across all outcomes.

Table 6. Incremental predictive validity of System_Shift_Risk_Score.

Outcome Metric  Status-only System Shift risk score Increment
Delay_Days R2 0.009 0.836 0.828
Success AUC 0.589 0.995 0.406
Progression AUC 0.531 0.964 0.433

Feature importance

Random forest feature importance reinforced the regression findings. CP was the most
important predictor of Delay Days, with importance = 0.657. System_Shift_Risk_Score was
the second most important predictor of delay and the strongest predictor of Success and
Progression. Domain Lock also emerged as important for Success and Progression, suggesting
that continuity outcomes depend not only on adaptive variables but also on the degree of
structural lock-in.

757



Feature importance across manufacturing outcomes
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Figure 4. Random forest feature importance across Delay Days, Success, and Progression.

Table 7. Feature importance values from random forest models.

Feature Delay Days Success Progression
Chokepoint_Severity 0.657 0.226 0.269
System_Shift Risk Score  0.294 0.329 0.386
Feedback Maturity 0.016 0.008 0.033
Position_Quality 0.013 0.071 0.054
Strategy Quality 0.009 0.065 0.056
Actor_Complexity 0.006 0.020 0.043
Domain_Lock 0.004 0.277 0.150
System_Condition 0.001 0.005 0.010

Cluster analysis

Cluster analysis produced three theoretically interpretable manufacturing states. The
Adaptive / low-risk cluster contained 19 cases, with low CP and DL, high STR, mean delay of
8.05 days, Success = 0.947, and Continuity_Index = 91.879. The Transitional / medium-risk
cluster contained 31 cases, with moderate risk, mean delay of 26.742 days, Progression = 0.387,
and Success = 0.032. The Stagnant / high-risk cluster contained 14 cases, with the highest risk
score, highest Domain Lock, mean delay of 31.786 days, Success = 0.000, and
Continuity _Index = 49.621. This three-state structure supports the claim that System Shift
distinguishes not only outcomes but manufacturing system states.

Three-state System Shift manufacturing clusters
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Principal component 1
Figure 5. PCA projection of three System Shift manufacturing clusters. The clusters
correspond to adaptive, transitional, and stagnant system states.
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Table 8. Cluster profiles from System Shift manufacturing analysis.

Cluster n Risk CP DL STR FB Delay Progre Succe Contin

ssion SS uity
Adaptive / low-risk 19 -1.579 1.842 2105 4.105 3.263 8.053 1.000 0.947 91.879
Transitional /[ 31 2419 3.097 3.097 3.387 3.065 26.742 0.387 0.032 55.429
medium-risk

Stagnant / high-risk 14 3.786  3.357 3.643 3.357 3.286 31.786 0.143 0.000 49.621

The empirical results provide strong exploratory support for the System Shift
Manufacturing framework. The most important finding is the central role of Chokepoint
Severity. CP strongly predicted Delay _Days, correlated negatively with Progression and
Continuity_Index, and ranked first in feature importance for delay. This supports H1 and
confirms the theoretical (Tukamuhabwa et al., 2015) proposition that manufacturing stagnation
is driven less by generic operational difficulty than by active structural constraints.

The second finding is that the composite System_ Shift Risk_Score outperformed
utilization-only status by a wide margin. This matters for manufacturing governance.
Utilization is a local operating indicator. It can tell whether a line or facility is busy, but it does
not reveal whether the system is locked, bottlenecked, strategically positioned, or capable of
learning. System Shift captures a higher-order configuration. Its superior predictive
performance supports H4 and suggests that continuity should be managed as a system state
rather than as an efficiency statistic.

The third finding concerns the adaptive side. Strategy Quality consistently predicted
Success and Progression, whereas Feedback Maturity moved in the expected direction but was
weaker and nonsignificant in the combined logistic models. This does not necessarily invalidate
FB. Rather, it suggests that feedback must be coupled with strategically relevant intervention.
A system may collect signals and still fail to progress if the strategy does not address the active
constraint. In manufacturing terms, detection without targeted reconfiguration remains
insufficient.

The fourth finding is state-based. The three clusters are not arbitrary numerical
groupings. They correspond to recognizable manufacturing regimes. Adaptive cases combine
low chokepoint pressure with strong strategy and high continuity. Transitional cases show
movement but weak conversion into success. Stagnant cases combine higher domain lock,
higher risk, longer delay, and no success. This supports H5 and extends the analysis beyond
regression toward a state-diagnostic view of manufacturing continuity.

For the broader literature, the contribution is twofold. First, System Shift translates
resilience theory into an operational diagnostic instrument. Second, it offers a bridge between
manufacturing bottleneck analysis and supply chain resilience. The framework does not deny
the value of established resilience constructs such as flexibility, redundancy, visibility,
recovery, and collaboration. Instead, it reorganizes them into a measurable pressure-adaptation
architecture that can be tested at case level.

Managerial Implications

The findings imply that engineering and manufacturing managers should move beyond
utilization-centered dashboards. The practical question is not merely whether a line is busy or
a facility meets quarterly output. The more diagnostic question is whether the system has
identifiable chokepoints, whether those chokepoints have backup routes, whether domain lock
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prevents reallocation, whether strategy targets the real constraint, and whether feedback loops
close fast enough to prevent stagnation.

A practical System Shift dashboard should therefore include CP, DL, STR, FB, and the
composite risk score alongside conventional utilization. Cases with high CP and high DL
require structural intervention rather than ordinary follow-up. Cases with medium risk but weak
success conversion require strategy redesign. Cases with low risk and high STR should be
protected and accelerated. In this way, System Shift becomes not merely a research framework
but also a manufacturing governance tool.

For pharmaceutical manufacturing, the implications are especially significant. Product
transfer, regulatory approval, quality release, supplier qualification, digital visibility,
warehouse capacity, and energy resilience are not peripheral issues. They are part of the
manufacturing system architecture. Resilience advantage therefore arises from orchestrating
these elements before disruption turns localized constraints into network-wide delay.
Limitations and Future Research

This study has important limitations. First, the dataset is synthetic-anonymized and
calibrated for exploratory validation. It is suitable for testing internal coherence, variable
behavior, and methodological plausibility, but it does not yet provide external generalizability.
Second, scoring was not independently replicated by multiple raters. Third, the logistic model
for Success using System_Shift_Risk_Score showed quasi-separation, making coefficient p-
values unreliable even though AUC and direction remain informative. Fourth, the study is
cross-sectional; it tests association and predictive discrimination within a coded dataset rather
than prospective forecasting over time.

Future research should validate the framework using longitudinal manufacturing data,
independent coding, inter-rater reliability, and cross-site replication. A stronger design would
score manufacturing cases at time t and test whether high-risk cases show longer realized delay,
lower progression, and lower continuity at time t + 3 months or t + 6 months. Future studies
should also compare System Shift against established risk matrices, operational excellence
dashboards, and machine-learning baselines.

CONCLUSION

The study provided exploratory empirical support for the validity of System Shift as a
structural diagnostic framework for pharmaceutical manufacturing continuity. Chokepoint
Severity (CP) predicted delay and stagnation, Strategy Quality predicted Success and
Progression, the composite System_Shift Risk_Score demonstrated substantially stronger
predictive performance than utilization-only status, and cluster analysis identified interpretable
adaptive, transitional, and stagnant manufacturing states.

The findings should be interpreted within an appropriate scope. System Shift has not yet
been universally validated; however, it demonstrated evidence of criterion-related validity,
incremental predictive value, and state interpretability within this manufacturing validation
dataset. The practical implication is that manufacturing continuity should be managed not
solely through efficiency and utilization metrics but also through structural diagnosis of
pressure accumulation, operational lock-in, chokepoints, positioning, strategic response, and
feedback mechanisms. In disrupted industrial environments, resilience advantage does not
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necessarily belong to the most optimized system, but to the system capable of maintaining
operations, adapting, and reconfiguring when pressure propagates across the network.
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