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Abstract: Latin-American industrial service operations depend on hoisting winches and roller boxes whose unplanned stoppages 

cascade into safety and economic losses, yet the 2024–2026 empirical record on Total Productive Maintenance (TPM) for such 

mobile critical assets is virtually absent. This study quantifies whether the classical four-phase TPM model — preparation, 

introduction, implementation and consolidation — increases the Overall Equipment Effectiveness (OEE) of these assets in a 

transnational service operation in Antofagasta. A pre/post quasi-experimental design tracked a census of 25 critical units (12 

winches, 13 roller boxes) over 16 pre- and 16 post-intervention weeks. Aggregate OEE rose from 67,402 % to 86,254 % (Δ = 

+18,852 pp; t(15) = 88,494; p < 0,001; Hedges' g = 14,87), driven by availability (+11,496 pp) and effectiveness (+8,539 pp); 

quality stabilised near ceiling. The findings provide first quantitative evidence of TPM transferability to Latin-American mobile 

transport assets. 
Keywords: Availability; Hoisting equipment; Latin America; Overall equipment effectiveness; Pre/post design; Quasi-

experimental; Roller boxes; Service sector; Total productive maintenance; Winches. 

 

1. Introduction 

Industrial service operations across Latin America — mining, hydrocarbons, construction support — rest on 

heavy mobile assets whose continuous availability conditions the entire downstream value chain. Hoisting winches 

and roller boxes are emblematic: when either fails on site, the cost is not limited to a stopped machine but propagates 

into idle crews, contractual penalties and safety exposure for the operators handling suspended loads. Overall 

Equipment Effectiveness (OEE), defined as the product of availability, effectiveness and quality, has become the 

canonical metric for diagnosing such loss structures and benchmarking interventions against the world-class threshold 

of 85 % [1, 2]. Its decomposability into three multiplicative components is precisely what allows a manager to locate 

where loss originates and what allows a reviewer to ask whether a reported gain came from where the intervention 

plausibly acts. 

Total Productive Maintenance (TPM), formalised in the Japanese tradition and articulated in the West through 

the classical four-phase model [3, 4], remains the dominant operational framework for moving OEE [5, 6]. Its 

empirical record, however, is heterogeneous to a degree that the field has not fully reconciled. In an Indonesian 

automotive SME, Sumastro et al. [7] report an OEE rise from 67,42 % to 77,80 % (+10,38 pp); in a Peruvian SME 

combining TPM with 5S and SMED, Quiroz-Flores et al. [8] report a comparable +10,93 pp jump (59,91 % → 70,84 

%); in a Bangladeshi cement plant, Irfan et al. [9] report a far more conservative +2,53 pp under TPM and 5S; in a 
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Peruvian food operation, Castañeda et al. [10] document 79,06 % → 89,37 %. Earlier station-level evidence ranges 

from station OEE values below 20 % with TPM-driven recoveries of three to seven percentage points [11] to averages 

persistently below 55 % in the absence of structured rollout [12]. The dispersion is wide enough that the gain 

attributable to TPM cannot be read off the mean of the published distribution; baseline maturity, intervention scope 

and sector appear to interact, but no synthesis isolates their respective weights. 

Parallel to this classical thread, the maintenance research frontier has shifted toward what the literature labels 

Maintenance 4.0 and, more recently, Maintenance 5.0: predictive analytics on continuous sensor streams, digital twins 

of physical assets, machine-learning estimators of remaining useful life and human-centric extensions linked to 

sustainability [13, 14, 15, 16, 17]. Empirical applications already span ANN-based fault forecasting on heavy 

machinery [18], ML-driven scheduling architectures [19] and the integration of Industry 4.0 with TPM bundles in 

manufacturing [20, 21]. The reported performance gains are substantial — Murtaza et al. [14] document breakdown 

reductions of up to 95 % under predictive frameworks — and the rhetorical effect on the discipline has been to position 

the classical, paper-based TPM as the legacy benchmark against which more data-intensive approaches measure 

themselves [22, 23]. 

Two voids open inside this otherwise active field, and the present study sits at their intersection. The first is 

sectoral. Systematic reviews of TPM and Industry 4.0 implementations confirm that empirical OEE evidence remains 

concentrated in continuous, high-volume manufacturing lines, with virtually no 2024–2026 field studies on hoisting 

and transport equipment in industrial service environments [15, 24]. Adjacent work on rotating machinery has begun 

to adapt OEE to wind energy assets [25] and to conveyor systems within Lean configurations [26], but neither 

geometry maps cleanly onto the failure modes of a mobile winch operating on a service contract. The second void is 

methodological. Pre-experimental single-group designs dominate the literature, yet effect-size reporting, a priori 

sample-size justification, family-wise error control across OEE components, and explicit handling of weekly 

autocorrelation are rare [27, 28, 29]. The result is a body of evidence in which magnitudes are reported without the 

inferential apparatus that would let a reader distinguish a genuine process shift from a baseline anomaly or a low-

variance artefact. 

A second-order consequence of this configuration is often left implicit. Companies with low digital maturity — 

and the bulk of Latin-American industrial service operations fall in this category, with sparse on-asset instrumentation 

and limited automation infrastructure [17] — cannot leap directly to TPM 4.0 architectures. The data layer that 

predictive maintenance requires presupposes a stabilised operational baseline; instrumenting an unstable process 

simply produces high-resolution noise. From this angle, the classical four-phase model is not an obsolete competitor 

of TPM 4.0 but its missing rung on the maturity ladder: it is the intervention that brings variance under control and 

makes the asset legible to subsequent digital layers [16, 30]. Articulating that role empirically — not as a 

recommendation but as a quantified pre-post estimate on transport-class machinery — is what the field currently lacks. 

The present study addresses both voids on a single dataset. Its objective is to estimate, with full inferential 

controls, the change in OEE and its three components associated with a structured implementation of the classical 

four-phase TPM model on a census of 25 critical assets (12 hoisting winches and 13 roller boxes) in a transnational 

service operation in Antofagasta, monitored weekly over 16 pre- and 16 post-intervention weeks. The contribution 

claimed is therefore not the novelty of the model but the first quantitative empirical evidence of its transferability from 

continuous manufacturing to mobile critical transport machinery in the Latin-American industrial service sector, 

reported with effect sizes, Bonferroni-adjusted contrasts and an explicit assessment of internal-validity threats. The 

work aligns with Sustainable Development Goal 9 on industry, innovation and infrastructure by documenting how a 

low-cost, paper-based intervention can stabilise the operational core of asset-intensive services before any digital layer 

is added. 

2  Methodology 

2.1  Study design and setting 

The study followed a pre/post quasi-experimental design with interrupted-time-series logic, applied without a 

concurrent control group. The choice was constrained, not preferred: hoisting winches and roller boxes are the income-

generating assets of the site and cannot be withdrawn from operation to constitute a parallel control without disrupting 

contractual obligations and exposing operators to safety risk during load transfers [27]. The interrupted-time-series 

logic — 16 weekly observations before the intervention and 16 weekly observations after — was adopted as a partial 

mitigation of this constraint, since a step shift visible against a stable pre-intervention baseline narrows the space of 

plausible non-intervention explanations more sharply than two isolated measurements [29]. The setting was a 
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transnational industrial service company based in Antofagasta, with more than thirty years of activity supplying heavy 

mobile assets on contract to mining and hydrocarbon clients. 

2.2  Population, sample and unit of analysis 

The accessible population comprised 33 mechanical assets used in load handling and material transport during 

the study horizon: 17 roller boxes and 16 hoisting winches. Eligibility was assessed against three inclusion criteria — 

operational status throughout the observation window, availability of technical specifications and maintenance records 

covering at least the prior two years, and a documented history of preventive or corrective interventions — and two 

exclusion criteria: assets in technical retirement and newly commissioned units without an operating history. The 

resulting census sample contained 25 assets (13 roller boxes, 12 winches), corresponding to 75,8 % of the population. 

The unit of analysis was the individual machine; the unit of statistical aggregation was the weekly mean across the 

sample for each OEE component, yielding 16 + 16 paired weekly observations across the intervention boundary. 

2.3  Baseline diagnostic and intervention rationale 

The decision to intervene was anchored on a pre-intervention diagnostic of the fleet's operational state. Mean 

OEE was 60,16 % for the winches and 62,98 % for the roller boxes — well below the 85 % world-class threshold and 

consistent with the literature on under-maintained heavy mobile assets in service environments [25, 26]. Figure 1 

displays these baseline values disaggregated into availability, effectiveness, quality and aggregate OEE for each asset 

class, with the 85 % world-class reference line overlaid as a visual anchor. A structured root-cause analysis using 

Ishikawa categorisation and a Vester matrix was then translated into a Pareto chart of failure causes, summarised in 

Figure 2, which concentrated 80 % of the cumulative weighted frequency on three causes: absence of maintenance 

instructions (26,2 % individual weight), insufficient operator monitoring (46,1 % cumulative) and absence of OEE 

indicators (63,9 % cumulative). The convergence of these causes on instructional, supervisory and metric dimensions 

— rather than on equipment condition per se — pointed toward the autonomous-maintenance, planned-maintenance 

and training pillars of classical TPM as the operational lever of choice. 

 

Figure 1. Baseline OEE diagnostic for hoisting winches and roller boxes against the 85 % world-class reference 

line, January–June 2025. Pre-intervention values of availability, effectiveness, quality and aggregate OEE for each 

asset class, plotted against the 85 % world-class threshold to make the magnitude of the operational gap directly 

readable. 



902 

 

Figure 2. Pareto chart of root causes of low baseline OEE on hoisting winches and roller boxes. The fifteen 

causes elicited from the Ishikawa diagram are ordered by weighted frequency, with the cumulative-percentage curve 

overlaid; the three causes located within the 80 % zone define the priority intervention space. 

2.4  The classical four-phase TPM intervention 

The intervention deployed the four-phase model described by Cuatrecasas and Torrell [4], with pillar content 

drawn from Mora [3]. The protocol was paper-based throughout — failure logs, autonomous-maintenance checklists, 

planned-maintenance schedules, quality-maintenance records and training attendance — a configuration consistent 

with the company's digital-maturity profile and with the Maintenance 4.0 readiness literature that positions paper-

anchored TPM as the prerequisite stabiliser before any sensor or twin layer can be added [17, 16]. Table 1 summarises 

the twelve operational stages distributed across the four phases. 

Phase 1 (Preparation) formalised top-management commitment, set up the promotional structure of the TPM 

committee, drafted basic policies and built the master plan. Phase 2 (Introduction) consisted of the formal launch event 

communicating objectives, scope and metrics to operators and supervisors. Phase 3 (Implementation) was the 

operational core and the most extensive of the four; it executed in parallel the autonomous-maintenance routines on 

the 25 assets, the planned-maintenance schedule, the quality-maintenance procedure, the operator training programme 

and the early-equipment management routine. Phase 4 (Consolidation) established the control and follow-up 

mechanisms and raised the operational targets for the subsequent cycle. The intervention spanned the boundary 

between weeks 16 and 17 of the 32-week observation horizon. 

Table 1. Operational stages of the classical four-phase TPM model applied to the 25 critical assets (adapted 

from Cuatrecasas and Torrell, 2010). 

Phase No. Stage 

Preparation 1 Decision to apply TPM in the company 

 2 TPM awareness and information dissemination 

 3 Establishment of the TPM promotional structure 

 4 Definition of basic TPM objectives and policies 

 5 Development of the TPM master plan 

Introduction 6 Formal launch of the TPM programme 
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Implementation 7 Improvement of equipment effectiveness 

 8 Development of the autonomous-maintenance programme 

 9 Development of the planned-maintenance programme 

 10 Training to elevate operational and maintenance capabilities 

 11 Early-equipment management 

Consolidation 12 TPM consolidation and target elevation 

________________________________________ 

Note. The four phases were deployed sequentially across the 32-week observation horizon (16 pre-intervention 

+ 16 post-intervention weeks). Stages 7–11 operated in parallel within Phase 3, consistent with the classical model's 

design for simultaneous and progressive execution. All procedures were paper-based, reflecting the company's low 

digital-maturity profile and the absence of on-asset IoT instrumentation. The intervention boundary between pre- and 

post-measurement coincided with the transition from Phase 2 to Phase 3. 

2.5  Variables, indicators and measurement instrument 

The independent variable, TPM, was operationalised through four indices that track adherence to the 

implementation routines: an autonomous-maintenance index IMA = TAMR / TAMP × 100 (ratio of executed to 

programmed autonomous-maintenance activities); a preventive-maintenance index IMP = THMP / THEM × 100 

(executed preventive-maintenance hours over established hours); a quality-maintenance index IMC = TACR / TACE 

× 100 (quality activities executed over those established); and a training-plan-compliance index ICPC = THCE / THCP 

× 100 (executed training hours over those planned) [3]. The dependent variable, Overall Equipment Effectiveness, 

was computed as OEE = D × E × Q, with availability D = TO / TC, effectiveness E = TORI / TO and quality Q = TOE 

/ TOR, following Cuatrecasas and Torrell [4], where TO is operating time, TC is loading time, TORI is ideal real 

operating time, TOE is effective operating time and TOR is real operating time. 

The measurement instrument was a structured observation form, completed weekly by the maintenance team 

on a per-asset basis and aggregated to the weekly mean per asset class. Content validity was established through expert 

judgement by three industrial-engineering specialists evaluating item clarity and pertinence. Inter-rater reliability was 

not quantified through Cohen's kappa or an intraclass correlation coefficient — a gap that is acknowledged here and 

revisited in the limitations of the Discussion, since multi-observer field registration on heavy assets without inter-rater 

calibration introduces an instrumentation-precision threat the present design does not formally rule out [27]. 

2.6  Statistical analysis 

Descriptive statistics for each weekly aggregate of D, E, Q and OEE were summarised by mean, minimum, 

maximum and standard deviation across the 16 + 16 horizon. Inferential analysis proceeded in three layers, each 

justified by a design constraint rather than by convenience. 

First, normality was assessed on the per-week difference scores — not on the pre and post series separately — 

using the Shapiro-Wilk test, the most powerful normality procedure for N < 50 [28]. Where the differences were 

compatible with normality, a paired-samples t-test was applied. Where they were not (an outcome anticipated for the 

quality dimension given its near-ceiling pre-intervention values), the paired t-test was reported as planned and 

corroborated by the non-parametric Wilcoxon signed-rank test on the same differences. 

Second, family-wise error was controlled by Bonferroni correction across the four planned contrasts (OEE, D, 

E, Q), shifting the per-test significance threshold to α' = 0,0125. Effect sizes were reported as Hedges' g rather than 

Cohen's d, since g incorporates the small-sample bias correction relevant at N = 16. Their interpretation was framed 

against empirical effect-size distributions for pre/post operational interventions [31, 32], with an explicit caveat that 

effect sizes computed against a near-zero pre-intervention variance are mathematically inflated and should be read as 

evidence of process stabilisation rather than of large material change [33]. 

Third, the assumption of independence between successive weekly differences was probed through the Durbin-

Watson statistic, where DW ≈ 2 indicates no first-order autocorrelation; deviations were used to qualify, not to 
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invalidate, the inferential conclusions. Ninety-five per cent confidence intervals are reported for every paired mean 

difference. All computations were performed in SPSS. 

2.7  Internal-validity threat assessment 

Because the design lacks a concurrent control group, four internal-validity threats were subjected to a structured 

narrative assessment, with the explicit consequence of replacing causal language ("TPM increased OEE") by 

associative language ("OEE rose following TPM implementation") throughout the manuscript [27]. The threat of 

history was probed by reviewing company records of organisational and demand changes within the 32-week horizon. 

The threat of maturation was examined against the asset-condition trajectory derived from the pre-intervention failure 

logs. The threat of instrumentation was contained, but not eliminated, by maintaining a single observation form, 

observer team and aggregation protocol throughout. The threat of testing — the Hawthorne effect arising from 

operators knowing they were observed — was acknowledged as residually present, since blinding the operators is 

incompatible with the participative logic of autonomous maintenance itself. Triangulation rested on the alignment 

between the Ishikawa-Pareto loss attribution at baseline and the post-intervention change pattern across the OEE 

components, following the mechanism-based causal-reasoning logic recommended for pre-experimental operational 

research [27, 29]. 

2.8  Ethical considerations 

The study was developed within the ethics framework of the participating university, with the company's written 

authorisation for data access, anonymised handling of operator-level records, and a similarity check on the final 

manuscript. Operators were informed of the observation protocol; participation in autonomous-maintenance routines 

was integrated into the work plan and did not generate identifiable personal data beyond the operator-roster level. 

Referencing complied with ISO 690-2. The institutional ethics approval number is to be inserted at submission stage. 

3  Results 

Results are presented in three movements that mirror the analytical question of the study. The first establishes 

the headline change in the aggregate OEE; the second decomposes that change into the three multiplicative 

components; the third reports the inferential diagnostics, the dispersion behaviour of the post-intervention series and 

the position of those series relative to the 85 % world-class threshold. Interpretation of these findings is developed in 

the Discussion. Throughout this section, weekly OEE is computed per machine and then averaged across the 25-asset 

sample for each of the 32 weeks; for that reason the mean OEE differs marginally from the product of the mean 

component values, since the average of products is not algebraically equal to the product of averages. 

3.1  Aggregate OEE: magnitude of the post-intervention shift 

Across the 32-week observation horizon, the weekly mean OEE of the 25 critical assets rose from 67,402 % in 

the 16 pre-intervention weeks to 86,254 % in the 16 post-intervention weeks (Δ = +18,852 percentage points; 95 % 

CI 18,398–19,306). The paired-samples t-test on the per-week difference scores yielded t(15) = 88,494 (p < 0,001), 

with the corresponding standardised effect computed as Hedges' g = 14,87 — a value that, as anticipated by the 

analytical plan and discussed in §3.3, is amplified by the narrow pre-intervention dispersion (SD = 1,187 %; range 

65,8–69,4 %). Significance survived the Bonferroni-adjusted threshold of α' = 0,0125 set across the family of four 

planned contrasts. Figure 3 displays the weekly trajectory of the aggregate OEE for the full horizon, with the 85 % 

world-class reference line overlaid and 95 % confidence bands estimated separately for each phase; the post-

intervention series sits entirely above the threshold from the first observation onward and shows no downward drift 

across the sixteen weeks following the intervention boundary. 
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Figure 3. Weekly trajectory of aggregate OEE across the 32-week horizon (16 pre-intervention + 16 post-

intervention weeks), with phase-specific 95 % confidence bands and the 85 % world-class reference line. The vertical 

dotted line marks the intervention boundary between weeks 16 and 17; the post-intervention series sits entirely above 

the world-class threshold. 

3.2  Component decomposition 

The +18,852 pp shift in aggregate OEE decomposed asymmetrically across the three multiplicative 

components. Availability rose from 79,539 % to 91,034 % (Δ = +11,496 pp; 95 % CI 10,442–12,549; t(15) = 23,261; 

p < 0,001; Hedges' g = 7,35). Effectiveness rose from 87,279 % to 95,819 % (Δ = +8,539 pp; 95 % CI 7,651–9,427; 

t(15) = 20,491; p < 0,001; Hedges' g = 5,18). Quality rose from 97,089 % to 98,873 % (Δ = +1,784 pp; 95 % CI 1,622–

1,945; t(15) = 23,529; p < 0,001; Hedges' g = 8,26). All four contrasts remained significant under the Bonferroni-

adjusted threshold α' = 0,0125. Within the additive decomposition of the aggregate shift, availability accounted for the 

largest share, followed by effectiveness, with quality contributing the smallest absolute change despite displaying the 

second-largest standardised effect size — a configuration whose mathematical origin is documented in §3.3 and whose 

substantive reading is taken up in the Discussion. Table 2 consolidates the hypothesis contrasts, confidence intervals 

and effect sizes for all four variables, and Figure 4 displays the corresponding pre- and post-intervention distributions 

in four parallel boxplot panels. 

Table 2. Paired-samples hypothesis contrasts and Hedges' g effect sizes for OEE and its three components (16 

pre-intervention vs. 16 post-intervention weeks; Bonferroni-adjusted threshold α' = 0,0125). Pre-intervention means, 

post-intervention means, mean differences with 95 % confidence intervals, paired t-statistics with 15 degrees of 

freedom, exact significance under both the unadjusted and adjusted thresholds and Hedges' g with its small-sample 

bias correction are reported for each contrast. 

Variable Mean pre (%) Mean post (%) Δ (pp) 95 % CI of Δ t(15) p p Bonf. Hedges' g 

OEE 67,402 86,254 +18,852 [18,398; 19,306] 88,494 < 0,001 < 0,001 14,87 

Availability 79,539 91,034 +11,496 [10,442; 12,549] 23,261 < 0,001 < 0,001 7,35 

Effectiveness 87,279 95,819 +8,539 [7,651; 9,427] 20,491 < 0,001 < 0,001 5,18 

Quality 97,089 98,873 +1,784 [1,622; 1,945] 23,529 < 0,001 < 0,001 8,26 ᵃ 

Note. Decimal comma per SI convention. Exact p-values are reported as < 0,001 rather than 0,000; the four 

contrasts were planned a priori and the family-wise error rate is controlled by Bonferroni correction at α' = 0,05 / 4 = 

0,0125. Hedges' g incorporates the small-sample bias correction relevant for N = 16. Weekly OEE is computed per 

machine and then averaged across the 25-asset sample; for that reason the mean OEE differs marginally from the 

product of the mean component values. 
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ᵃ The Hedges' g for the Quality contrast is mathematically inflated by the near-zero pre-intervention standard 

deviation (SD = 0,062 %). This value should be read as evidence of process stabilisation — a consistent upward 

displacement of the entire distribution — rather than as a large material change in the conventional effect-size sense. 

The non-parametric Wilcoxon signed-rank corroboration (p = 0,000381) confirms the directional shift without relying 

on the distributional assumption violated for this variable (Shapiro-Wilk W = 0,732; p < 0,001). 

 

Figure 4. Four-panel boxplots of OEE and its three components — availability, effectiveness and quality — 

distributed across the 16 pre-intervention and 16 post-intervention weekly observations. The four panels share a 

common pre/post axis; medians, interquartile ranges, whiskers and any outliers are displayed separately for each 

variable to expose both the location shift and the dispersion change between phases. 

3.3  Stability and inferential diagnostics 

Three diagnostic results characterise the inferential robustness of the contrasts reported in §3.1 and §3.2. First, 

the Shapiro-Wilk test on the per-week difference scores returned W = 0,929; p = 0,236 for OEE, W = 0,889; p = 0,054 

for availability and W = 0,972; p = 0,866 for effectiveness — compatible with the normality assumption of the paired-

samples t-test in each case. For quality, the corresponding statistic was W = 0,732; p < 0,001, indicating departure 

from normality; the planned Wilcoxon signed-rank corroboration on the same differences returned p = 0,000381, 

supporting the same directional conclusion. Second, the Durbin-Watson statistic on the OEE difference series returned 

DW = 1,585, falling within the band compatible with absence of severe first-order autocorrelation, although the small 

N qualifies that reading. Third, the four internal-validity threats were addressed through the structured narrative 

protocol described in §2.7; the outcomes of that assessment are summarised in Table 3. 

The dispersion behaviour of the post-intervention series varied by component. The standard deviation of the 

weekly availability narrowed from 1,624 to 1,397 percentage points and that of weekly effectiveness narrowed from 

1,767 to 1,426, while that of the aggregate OEE remained essentially stable at 1,276 against a pre-intervention 1,187. 

The quality series exhibited a different pattern: weekly dispersion expanded from 0,062 to 0,292 percentage points, 

although both values remained at least one order of magnitude below the dispersion observed for the other three 

variables. The near-zero pre-intervention standard deviation of the quality series is the mathematical origin of the 
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inflated Hedges' g value (g = 8,26) reported in Table 2 for the quality contrast; this point is taken up substantively in 

the Discussion. 

Table 3. Internal-validity diagnostics and inferential robustness checks across the four contrasts. Diagnostic 

outputs for normality on the difference scores, non-parametric corroboration where required, first-order 

autocorrelation and the structured assessment of the four internal-validity threats considered in §2.7. 

Panel A. Inferential diagnostics 

Diagnostic Statistic Outcome 

Shapiro-Wilk on OEE differences W = 0,929; p = 0,236 Compatible with paired t-test 

Shapiro-Wilk on Availability 

differences 
W = 0,889; p = 0,054 Borderline; normality not rejected at α = 0,05 

Shapiro-Wilk on Effectiveness 

differences 
W = 0,972; p = 0,866 Compatible with paired t-test 

Shapiro-Wilk on Quality 

differences 
W = 0,732; p < 0,001 Non-normal; paired t retained per plan; Wilcoxon 

reported as corroboration 

Wilcoxon signed-rank on Quality 

differences 
p = 0,000381 Corroborates the paired-t directional conclusion 

without distributional assumption 

Durbin-Watson on OEE 

difference series 
DW = 1,585 No evidence of severe first-order autocorrelation; 

interpret with caution given N = 16 

Panel B. Internal-validity threat assessment 

Threat Assessment protocol Outcome 

History Review of company records for 

organisational, demand or staffing 

changes within the 32-week horizon 

No documented concurrent change; threat cannot be 

fully ruled out from external sources 

Maturation Examination of the pre-intervention 

failure-log trajectory for gradual 

improvement 

Pre-intervention series shows stable oscillation with 

no upward drift; the abrupt step shift at week 16–17 

is inconsistent with gradual maturation 

Instrumentation Verification that the observation form, 

observer team and aggregation protocol 

remained constant throughout 

Constant instrument confirmed; inter-rater reliability 

was not quantified (limitation acknowledged) 

Testing 

(Hawthorne) 
Assessment of operator awareness of the 

observation protocol 
Residually present; blinding operators is 

incompatible with the participative logic of 

autonomous maintenance 

Note. Exact p-values are reported as < 0,001 rather than 0,000. The Wilcoxon signed-rank test on the Quality 

differences serves as a non-parametric corroboration of the planned paired t-test, given the departure from normality 

detected by the Shapiro-Wilk statistic. The Durbin-Watson statistic falls within the 1,5–2,5 band conventionally 

associated with absence of severe first-order autocorrelation, although the small series length (N = 16) reduces the 

power of this diagnostic. The structured internal-validity assessment supports the use of associative language 

throughout the Discussion: TPM implementation was associated with the observed shifts, not causally proven to have 

produced them. 

Taken together, the position of the post-intervention OEE series above the 85 % world-class threshold across 

all sixteen weeks, the magnitude and statistical significance of the four planned contrasts under the Bonferroni-

adjusted threshold, the survival of the quality contrast under the non-parametric corroboration, and the absence of 

severe first-order autocorrelation in the difference series jointly establish the empirical pattern that the Discussion will 
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place inside the contemporary debate on OEE elasticity and on the transferability of classical TPM to mobile critical 

assets. 

4  Discussion 

4.1  Magnitude inside the OEE Elasticity Paradox 

The first finding to interpret is the magnitude itself. A +18,852 pp shift in aggregate OEE, observed over a 16-

week post-intervention horizon following a paper-based deployment of the classical four-phase model, is roughly 

seven times larger than the +2,53 pp reported by Irfan et al. [9] under a TPM + 5S protocol in cement manufacturing, 

1,8 times larger than the +10,38 pp reported by Sumastro et al. [7] in an Indonesian automotive SME, 1,7 times larger 

than the +10,93 pp reported by Quiroz-Flores et al. [8] under a TPM + 5S + SMED combination in a Peruvian SME, 

and 1,8 times larger than the +10,31 pp documented by Castañeda et al. [10] in a Peruvian food operation. The 

dispersion of published gains has a name in the contemporary literature — the OEE Improvement Elasticity Paradox 

[28] — and the present estimate sits at the upper end of its distribution. 

Three reconciling factors are advanced, not as conclusions but as hypotheses available for replication. The first 

is baseline maturity. Pre-intervention OEE was 67,402 % and decomposed into an availability of 79,539 %, an 

effectiveness of 87,279 % and a quality of 97,089 %; comparable studies operating from higher baselines have less 

arithmetic headroom and necessarily report smaller absolute gains [34, 2]. The second is the configuration of the 

intervention. Where Quiroz-Flores et al. [8] combined TPM with 5S and SMED, and where Irfan et al. [9] layered 5S 

over an autonomous-maintenance pillar, the present study deployed the four-phase classical model alone, on a census 

of 25 critical assets, with no parallel operational change. A single, structurally aligned intervention executed across 

the entire fleet plausibly produces a more concentrated effect than partial rollouts diluted by competing methodologies 

— though this proposition itself awaits empirical confirmation. The third is the dispersion structure of the weekly 

series. Pre-intervention OEE oscillated within a 3,6 pp band (65,8–69,4 %) with a weekly standard deviation of 1,187 

pp, an unusually narrow window that mathematically tightens the standard error of the paired mean difference and 

amplifies the t-statistic to t(15) = 88,494 [33]. 

The honest reading of the third factor is that the inflated t-statistic does not invalidate the +18,85 pp estimate, 

but it does invite caution about reading the confidence interval [18,398; 19,306] as a measure of physical, machine-

level precision. The interval describes how stably the weekly fleet-average behaved, not how precisely individual 

assets shifted. The strongest design counterpart to this concern would have been a concurrent control series on similar 

hoisting equipment at another site, which the operational constraints of the participating company precluded; the 

consequence is that history, maturation and regression-to-the-mean explanations remain logically open even after the 

inferential battery of §3.3 has been applied. The interrupted-time-series logic narrows the space of plausible 

alternatives — gradual maturation does not produce step shifts of this size, and the documented absence of 

organisational or demand changes within the 32-week horizon makes a coincident historical confounder improbable 

— but it cannot mathematically eliminate them. The argument the data support is therefore associative, not causal, 

and is framed accordingly throughout the remainder of this section. 

4.2  Availability as the dominant driver: a service-sector inversion 

Of the +18,852 pp shift in aggregate OEE, availability contributed +11,496 pp — close to 61 % of the total 

movement, the largest single share of any component by a wide margin. This pattern inverts the modal pattern of the 

manufacturing literature, where effectiveness typically leads. In Singh et al. [11], the post-intervention gain on a metal-

industry rolling station was concentrated in the speed and minor-stop dimensions of performance rather than in uptime; 

in Sumastro et al. [7], the +10,38 pp gain in an automotive SME similarly leaned on effectiveness reductions in micro-

stoppages and idling rather than on unplanned-stoppage reduction. 

Two mechanisms are proposed to make sense of the inversion. The first is structural: in a service operation the 

critical asset is idle when not under contract, so unplanned stoppages constitute the dominant loss because they cannot 

be absorbed by the buffer inventory that manufacturing lines use to insulate downstream throughput from upstream 

failure [25, 26]. The planned-maintenance pillar of classical TPM, which targets unplanned stoppages by converting 

them into scheduled interventions, therefore has the highest marginal leverage in this context — even when its 

execution is paper-based. The second mechanism is metric-induced. The Pareto diagnosis of §2.3 identified the 

absence of OEE indicators as the third-ranked cause of low baseline performance; instrumenting the metric itself 

improves measured availability because previously untracked stoppages are now recorded and therefore acted upon. 

The two mechanisms are confounded in the present design — the planned-maintenance pillar and the OEE-indicator 
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deployment were introduced simultaneously, both within Phase 3 — and the data cannot adjudicate their relative 

contributions. An independent telemetered availability signal would be required to separate them; that signal was not 

available on the paper-based instrumentation of the participating company. 

The practical implication, stated as a hypothesis for the field rather than as a recommendation derived from a 

single study, is that generic 'apply all pillars equally' guidance may not transfer cleanly across sectors. A TPM rollout 

in a service operation may yield disproportionate returns from the planned-maintenance pillar and from the visual-

management routines that produce the indicator architecture, with the autonomous-maintenance and quality pillars 

contributing through different multipliers than they do in continuous manufacturing. The argument requires multi-

sector replications before it can graduate from hypothesis to claim. 

4.3  Effectiveness, operator engagement and the assumption of digital prerequisites 

The effectiveness component rose from 87,279 % to 95,819 % (+8,539 pp; Hedges' g = 5,18), a magnitude that 

becomes interpretively interesting only when placed against the contemporary Maintenance 4.0 and Maintenance 5.0 

literature. Recent frameworks position predictive analytics, condition-monitoring sensor networks, digital twins and 

machine-learning estimators of remaining useful life as the technologies through which substantial gains in heavy-

equipment effectiveness are now expected to be obtained [13, 14, 15, 18, 19]. Murtaza et al. [14] document breakdown 

reductions of up to 95 % in cyber-physical systems under predictive frameworks; Samadhiya et al. [20] argue that the 

integration of Industry 4.0 with TPM bundles is the operative pathway for further productivity gains; Tortorella et al. 

[21] show that digital maintenance adoption is the empirical correlate of TPM maturity in their cross-sectoral sample. 

The present finding offers a counterpoint that the field should be invited to absorb. An 8,5 pp gain in 

effectiveness was obtained without sensors, without a digital twin, without any predictive layer — through the 

autonomous-maintenance pillar of the classical model, executed on paper, on a workforce that received structured 

training in basic inspection, cleaning, lubrication and minor-defect recognition. The proposed mechanism is operator 

engagement as a transferable causal lever: when operators are explicitly given responsibility for the condition of their 

asset, the population of small, sub-failure deviations that drag effectiveness downward — micro-stoppages, speed 

losses from incipient wear, brief manual adjustments — is detected and corrected earlier in its life cycle than under a 

centralised maintenance regime [35, 36]. 

The strategic reading is dual. Organisationally, operator engagement appears to be a lever that does not require 

digital infrastructure to activate; this is encouraging for the bulk of Latin-American industrial service operations, 

where Folgado et al. [17] document a sparse on-asset instrumentation profile that places digital-twin deployment 

several investment cycles away. Strategically, the finding sharpens the maturity-ladder argument introduced at the 

close of the Introduction: a process whose effectiveness oscillates within a 7,3 pp band before stabilisation is a poor 

candidate for predictive instrumentation, because the signals that predictive models train on are dominated by 

operational variance rather than by the degradation signature the analyst is attempting to forecast [16, 22, 23]. The 

classical four-phase model is not an obsolete competitor of TPM 4.0; it is the intervention that compresses variance 

enough to make the asset legible to a subsequent digital layer. 

This reading is contingent on the assumption that operator engagement, once activated, persists beyond the 

observation horizon. The available evidence covers 16 post-intervention weeks. Whether the engagement effect decays 

once the Hawthorne attention recedes, and whether the consolidation phase of the model produces the cultural 

anchoring that Cuatrecasas and Torrell [4] describe as its purpose, are questions a longitudinal replication extending 

beyond a single annual cycle would be required to answer. 

4.4  Quality: from causal magnitude to process stabilisation 

The smallest absolute shift among the four contrasts is the quality component, which rose from 97,089 % to 

98,873 % (+1,784 pp). The standardised effect size — Hedges' g = 8,26 — is the artefact in the analysis that demands 

the most careful interpretive handling. Both Hollaar et al. [33] and Panjeh et al. [31] have documented that effect sizes 

computed against a near-zero pre-intervention standard deviation are mathematically inflated and should not be 

interpreted against Cohen's conventional 0,2 / 0,5 / 0,8 thresholds. The pre-intervention quality series in this study had 

SD = 0,062 %, an order of magnitude below the dispersion of any other component, which mechanically generates a 

g value that overstates the practical magnitude of the underlying material change. 

The honest reading is that the gain is best described as process stabilisation in the statistical-process-control 

sense, rather than as a defect-rate reduction in the strict manufacturing sense. The entire post-intervention distribution 

shifted upward; the median moved from 97,1 % to 98,7 %; the minimum of the post-series (98,7 %) exceeded the 
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maximum of the pre-series (97,2 %). What the data communicate is that the quality-maintenance pillar of the model 

held the process inside a tighter band around a higher central tendency, not that defects were eliminated in a 

transformative sense. This reframing is itself part of the contribution of the present manuscript to the wider literature 

on pre-experimental OEE evaluation: it operationalises the warning that Hollaar et al. [33] issue at the meta-analytic 

level — that standardised effect sizes in pre/post designs with near-zero baseline dispersion must be reported alongside 

the dispersion that produced them, and that the substantive interpretation should track the displacement of the full 

distribution rather than the magnitude of the g value [32]. 

The limitation attached to this finding is that the quality indicator captures the proportion of effective operating 

time within real operating time, not an absolute defect count per shift; near-ceiling values therefore have a hard upper 

bound that compresses the room for interpretable change. Whether the additional 1,8 pp of quality translates into 

financial returns proportional to the inferential precision is a question the present study is not equipped to answer and 

that would require operational cost data outside the scope of the observation form. 

4.5  Synthesis: the maturity-ladder argument and SDG 9 closure 

Taken together, the four findings recompose into a single empirical statement: the structured deployment of the 

classical four-phase TPM model on a census of 25 critical hoisting and transport assets in a Latin-American industrial 

service operation was associated with a substantial, statistically significant and dimensionally decomposable shift in 

OEE, with the largest absolute contribution coming from availability, a methodologically interesting contribution from 

effectiveness obtained without digital instrumentation, and a quality gain best read as process stabilisation. The double 

void identified in the Introduction — sectoral and methodological — is partially closed by the magnitude estimate 

itself and by the inferential apparatus that surrounds it. 

The strategic implication is the one anticipated by the narrative arc of this manuscript: in the contemporary 

Maintenance 4.0 / 5.0 discourse, the classical four-phase model is not the dated alternative against which advanced 

approaches are measured, but the missing rung of the maturity ladder on which the advanced approaches will 

eventually be built [24, 30]. A company whose mobile asset fleet oscillates within an 18 pp window of variability 

cannot extract useful signal from a predictive model; the model will fit the noise. The intervention this study describes 

is the variance-reduction step that creates the data substrate on which any later digital layer can be built. 

The residual limitations that have not already been embedded above can be stated briefly. The design lacks a 

concurrent control group, leaving regression-to-the-mean and history threats logically unresolved. The inter-rater 

reliability of the observation form was not quantified, which leaves a small residual instrumentation-precision risk. 

The post-intervention horizon of 16 weeks does not demonstrate sustainability of the gains beyond a single quarter. 

Future work would test the present findings against a stepped-wedge cluster design across multiple service sites, with 

a telemetered availability channel acting as an independent reference series, and would then layer IoT instrumentation 

onto the stabilised baseline to estimate the incremental contribution of digital maintenance over the classical floor. 

The work closes by returning to the framing introduced at the start. Sustainable Development Goal 9 calls for 

inclusive, resilient infrastructure and innovation; in resource-constrained service operations, the structured 

deployment of a paper-based TPM model is the kind of low-cost, organisationally tractable intervention that can 

stabilise the operational core before any subsequent investment in digitalisation. The empirical evidence presented 

here suggests that this stabilisation is achievable, and quantifiable, on critical mobile transport machinery — the asset 

class that the 2024–2026 literature had documented as a gap. 

5  Conclusion 

The structured implementation of the classical four-phase Total Productive Maintenance model on a census of 

25 critical hoisting and transport assets — 12 winches and 13 roller boxes — operating in a transnational industrial 

service operation in Antofagasta was associated with a shift in aggregate OEE from 67,402 % to 86,254 %, a paired 

difference of +18,852 pp under inferential controls that included Bonferroni adjustment, Hedges' g effect-size 

reporting and Durbin-Watson autocorrelation diagnostics. Availability and effectiveness carried the largest absolute 

contributions to the shift, while the smaller absolute gain in quality is best read as a process-stabilisation outcome 

rather than as a defect-rate reduction in the strict sense. The finding constitutes the first quantitative empirical evidence 

of the transferability of the classical four-phase model from continuous manufacturing to mobile critical transport 

machinery in the Latin-American industrial service sector, and positions the classical model as the variance-reduction 

prerequisite on which any subsequent Maintenance 4.0 or 5.0 architecture will, in this asset class, eventually depend. 
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