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Abstract

Reliable calibration of measuring instruments is a foundational yet under-reported layer
of the smart-manufacturing stack: without traceable calibrations, no downstream process
can guarantee the metrological quality of the data it consumes. This research asks whether
an administratively managed calibration record base is sufficient to support data-driven
recalibration scheduling, and diagnoses the data-governance conditions such scheduling
requires. A production multi-faculty university calibration database (3552 registered
instruments, 371 calibration events, 2009–2025) is analyzed to characterize fleet inventory
and compliance, quantify the historical recalibration late-rate with bootstrap and analytical
95% confidence intervals stratified by faculty and device type, benchmark supervised
models against explicit baselines, and propose a transparent rule-based scheduler with an
empirical faculty-level safety buffer. The historical late-rate is 47.8% (95% CI 34.1–61.9%),
with exploratory inter-faculty heterogeneity, while supervised learning yields only a weak,
uncertain signal and no useful deviation regression. Because 86.7% of the fleet lacks the
baseline records needed to schedule it, the practical message for instrument managers is
direct: completing the missing last-calibration and calibration-period fields is the highest-
value first step, after which a transparent, data-governance-informed scheduler—not a
black-box predictor—is the defensible deliverable, transferable to comparable research and
manufacturing infrastructures.

Keywords: metrological data quality; measurement traceability; compliance analytics;
small-sample inference; Industry 5.0

1. Introduction
Smart manufacturing and the broader Industry 4.0/5.0 paradigm have placed data-

driven decision support at the center of operations management [1–4]. Most attention
has been directed at the visible “shop-floor” layer: condition monitoring, digital twins,
predictive maintenance of machine tools, deep learning for fault diagnosis, and real-time
analytics from IoT sensors [5–9]. A less glamorous but no less critical layer underpins
all of these: the metrological layer that ensures every measurement entering the data
pipeline—from a vernier caliper on a quality-assurance station to a spectrum analyzer
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in a research laboratory—is traceable to a recognized standard and was acquired with a
calibrated instrument [10–13].

In practice, the management of this metrological layer is dominated by spreadsheets,
ad hoc reminders, and rigid time-based recalibration intervals dictated by manufacturer
recommendations or local regulations. The scheduling rule “calibrate every T months”
is universal but blunt: it ignores the actual usage profile, historical compliance behavior,
and risk distribution across the fleet. A modern data-driven approach would replace, or at
least augment, such heuristics with quantitative evidence drawn from the institution’s own
calibration history [14–18].

The rapid proliferation of the machine-learning literature in predictive mainte-
nance [19–21] has, however, also produced a documented tendency to overclaim: small
sample sizes, inappropriate train/test splits, missing baselines, and a lack of statistical
uncertainty quantification routinely yield reported accuracies that do not generalize [22,23].
Calibration data are particularly susceptible to this trap because the unit of analysis is a
paired recalibration event, of which even mature institutions accumulate only a few hun-
dred over a decade. Honest reporting in this regime requires explicit baselines, confidence
intervals, and a willingness to declare a negative result when the data warrant it.

The overarching aim of this research is to determine to what extent a real, administra-
tively managed calibration record base can support data-driven recalibration scheduling,
and to identify the data-governance preconditions for it. The guiding question is therefore
diagnostic rather than purely predictive: given the records an institution actually holds,
which devices can be scheduled on evidence, and what must be corrected before supervised
prediction becomes defensible? On this basis this research makes four contributions:

• This research describes the structure and content of the relational calibration-
management database operated by a Slovak technical university across 11 faculties and
57 departments, and quantifies the inventory at the level of devices, events, suppliers
and documents.

• An empirical, statistically grounded compliance analysis of recalibration timeliness is
carried out at the institution level and stratified by faculty and device type, reporting
bootstrap, Wilson and Clopper–Pearson 95% confidence intervals to handle the small-
sample regime [24,25].

• A small set of supervised classifiers and regressors is benchmarked against explicit
baselines under stratified k-fold cross-validation and permutation feature impor-
tance [26–29], and the outcome is reported honestly as exploratory, including the
negative result of the regression task.

• A transparent, rule-based fleet-wide scheduler is proposed that combines the regula-
tory calibration period with an empirical safety buffer scaled to the faculty’s historical
late-rate, and is applied to all 3552 devices, producing a six-class scheduling status
that makes uncalibrated and incomplete sub-fleets explicit rather than hiding them
behind a fabricated prediction.

It should be emphasized that the proposed architecture is a transparent, rule-based
deployment layer rather than a validated operational prediction system: at the present data
maturity its role is to make each device’s schedulability explicit and to expose the records
that must be completed before predictive scheduling becomes defensible. Recent work on
digital metrology situates calibration and instrument management within the Industry 4.0
digitalization agenda [30].

The paper is organized as follows. Section 2 reviews the relevant literature. Section 3
describes the calibration database, the data-extraction pipeline, the exploratory analysis
methodology, the modeling protocol with baselines, and the rule-based scheduler. Section 4
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reports the descriptive, inferential and modeling results in turn. Section 5 discusses impli-
cations, limitations and deployment considerations. Section 6 concludes.

2. Literature Review
2.1. Smart Manufacturing and Industry 4.0/5.0

The notion of “smart manufacturing” emerged as the convergence of cyber–physical
systems, the Industrial Internet of Things, advanced analytics, and additive and subtractive
manufacturing [31–33]. Industry 5.0 has subsequently shifted the discourse toward human-
centric, sustainable and resilient production [34,35]. Across both paradigms, the unifying
assumption is that operational decisions are increasingly grounded in data. The literature on
data quality and traceability in this context, however, remains comparatively thin [36–39].

Within the broader smart-manufacturing literature, instrument and tool management
has historically received less attention than process monitoring or predictive maintenance
of capital equipment [40–43]. The role of educational and research infrastructure in piloting
Industry 4.0/5.0 enablers has likewise been highlighted [44], which provides the institu-
tional context for the present case study. Recent contributions from the Slovak research
community frame these paradigms in compatible terms: Knapčíková and Peraković [45]
frame innovative technology approaches and challenges for Industry 4.0 in industrial
engineering, while Peraković et al. [46] model the IoT-enabled ecosystem elements of
Industry 4.0—directly relevant to the multi-faculty institutional context studied here.

2.2. Calibration, Metrology and Compliance

The international metrology framework distinguishes between calibration, which
establishes the relation between values indicated by a measuring instrument and the corre-
sponding values realized by a standard, and verification, which declares that an instrument
satisfies stated requirements. The conceptual boundary between calibration and verification
has been re-examined in recent metrology practice [47]. ILAC G24 and the NIST handbook
recommend that calibration intervals be re-evaluated based on accumulated evidence rather
than held constant indefinitely. The EURACHEM/CITAC guidance similarly emphasizes
the role of measurement-uncertainty information in compliance assessment [48]. In practice,
however, periodic schedules are rarely revised in response to compliance data [49], partly
because the underlying historical records are seldom analyzed systematically. Empirical
work on the metrological layer itself remains comparatively rare. Trebuňa and Hagara [50]
report systematic experimental vibration and modal analysis, illustrating the measurement
effort required to characterize mechanical systems in laboratory settings, and Knapčíková
et al. [51] address sustainable material circularity of components within a modern manu-
facturing enterprise—a theme complementary to the data-governance findings reported in
Section 4.

2.3. Data-Driven and Predictive Maintenance

The machine-learning maintenance literature is by now extensive [52–55]. Random
forests, gradient boosting, and increasingly explainable variants [56] dominate published
benchmarks. Recent bibliometric reviews confirm the continued expansion of machine-
learning methods in this domain [57]. Methodological reviews, however, have raised
persistent concerns: cross-validation failure with small samples, leakage from improperly
designed splits, and a missing culture of explicit baselines. These warnings are particu-
larly germane to calibration data, where the analysis unit (a paired recalibration event)
accumulates slowly and the dominant outcome (PASS) creates extreme class imbalance.
The applied condition-monitoring literature has further shown that in industrial mainte-
nance settings simple statistical descriptors and rule-based thresholds often remain the
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dominant operational tool [58]. Analogously, asset and equipment information systems
for construction and industrial enterprises increasingly rely on structured BIM-anchored
database records as the substrate for any subsequent analytics or scheduling layer [59,60].
These observations motivate the deliberately conservative, baseline-anchored modeling
protocol adopted in Section 3.5.

2.4. Position of the Present Work

Two gaps motivate the present research. First, the smart-manufacturing literature
is dominated by sensor-rich, high-frequency datasets. The equally important case of ad-
ministratively structured, low-frequency calibration records receives little methodological
attention. Second, existing predictive-maintenance benchmarks rarely engage with the
small-sample reality faced by individual institutions, and almost never report negative
results. The present paper addresses both gaps with a transparent, evidence-driven case
study and a deliberately conservative reporting style. Taken together, the reviewed litera-
ture establishes the methods—condition-based maintenance and supervised learning—and
the accompanying small-sample pitfalls, but leaves largely unexamined the prior question
of whether the administrative record base is complete enough to support any of them. It
is this precondition that the present work foregrounds. The Slovak smart-manufacturing
literature reviewed in Sections 2.1–2.3 supplies the immediate institutional context for the
architecture proposed here.

3. Experimental Research
3.1. The Calibration Database

The calibration database is a production SQL Server schema operated by a Slovak
technical university to manage its fleet of measuring and laboratory instruments. Its schema
comprises 15 domain-specific tables (plus an auxiliary job-scheduling layer) organized
around four central entities: devices (the inventory), device calibrations (the event log),
calibration period codebook (the regulatory periodicity catalog), and companies (manu-
facturers and suppliers). Auxiliary tables capture device categories, components, parts,
documents, departmental responsibilities, and units of measurement. Because the instru-
ments are de-identified for data-protection reasons, individual device photographs are not
reproduced. Each device is characterized only by its categorical type, measurement type
and owning faculty. The device-type and measurement-type labels are anonymized cate-
gorical enumerations. Their physical mapping is withheld under the same data-protection
policy, so device types are referred to by their coded values throughout.

The dataset analyzed here was extracted via a series of 21 parameter-free SQL queries
executed against a read-only mirror of the production database. All queries return tabular,
de-identified outputs. No personal data or restricted institutional information are included.
Table 1 summarizes the headline counts of the extract.

Table 1. Headline counts of the calibration-database extract used in this research (snapshot, 2025).

Entity Count

Active devices (in service) 3544
Decommissioned devices 8
Total registered devices 3552

Calibration events 371
Devices with ≥1 calibration 325

Distinct faculties 11
Distinct departments 57

Distinct manufacturers/suppliers 265
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Table 1. Cont.

Entity Count

Calibration documents on file 207
Parts in stock 45

Earliest device registration 2009
Most recent calibration event 2025

3.2. Data-Extraction Pipeline

The extraction pipeline produces twenty-one tab-separated files. Four are central to
the present analysis: the device inventory (3552 rows × 43 columns), the calibration event
log (371 rows × 27 columns), a derived paired-event table for compliance analysis (see
Section 3.3), and a summary-statistics table that consolidates the headline counts in Table 1.
The remaining files contribute reference data on calibration periods, device categories,
companies, departmental responsibilities, documents, calibration result distributions, year-
by-year aggregates, and date ranges.

All downstream processing was performed in Python 3.14 with pandas 3.0.2 [61],
numpy 2.4.4 [62], scikit-learn 1.8.0 [63], matplotlib 3.10.8 and standard scientific-Python
libraries. The complete analysis pipeline is fully reproducible against the twenty-one extract
files and regenerates every number, table and figure reported here. The extraction queries
and the analysis notebook are available from the corresponding author on request.

3.3. Compliance Analysis Unit and Sample Size

The fundamental unit of compliance analysis is a paired recalibration event: a cali-
bration record together with its predecessor for the same device, allowing computation
of the actual inter-calibration interval, the expected interval implied by the assigned Cali-
brationPeriodMonths, and the deviation between the two. A device contributes a paired
event only if it has been calibrated at least twice. In the snapshot analyzed here, this yields
n = 46 paired events across 46 unique devices. Of the 325 devices with at least one calibra-
tion, 46 have two or more records, and these 46 devices account for exactly 92 calibration
events (two each). No device carries a third record, so retaining the latest pair per device
discards no information. The reduction from 371 events to 46 paired events therefore
reflects the structural scarcity of repeated calibrations rather than an analytical exclusion.
This small sample size is the dominant constraint on the inferential analysis and is treated
as such throughout. Because these 46 repeatedly calibrated devices are precisely those that
carry sufficient records, they need not be representative of the full fleet of 3552 devices.
The observed late-rate and faculty-level heterogeneity are therefore conditional on record
availability and may be affected by record-completeness bias.

For each paired event, the following quantities are computed:

1. DaysBetweenCalibrations = CalibrationDate − PrevCalibrationDate;
2. ExpectedIntervalDays = CalibrationPeriodMonths × 30.44;
3. DeviationDays = DaysBetweenCalibrations − ExpectedIntervalDays;
4. CalibratedOnTime ∈ {0, 1}, where 1 indicates the new calibration occurred before the

validity expiry of the previous one;
5. DaysOverdueOrEarly = days between actual recalibration and the validity-expiry

date.

3.4. Empirical Late-Rate Estimation

To characterize compliance, the population late-rate is estimated, p = 1−
E[CalibratedOnTime], together with two 95% confidence intervals appropriate to small-
sample binomial inference: the Wilson score interval and a non-parametric bootstrap with
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B = 5000 resamples. Stratified estimates are reported by faculty and by device type for
groups with at least three observations. Because the per-stratum counts are small, each
proportion is additionally reported with a Clopper–Pearson exact 95% interval, between-
group contrasts are assessed with Fisher’s exact test, and all stratified estimates are treated
as exploratory.

3.5. Modeling Protocol

A small set of supervised models is benchmarked against explicit baselines, strictly
under five-fold stratified cross-validation. No held-out test set is reported, because at
n = 46 a single test split is uninformative. Two tasks are considered:

1. Classification of CalibratedOnTime (binary). Models: a stratified baseline Dummy-
Classifier, a most-frequent baseline, a standardized logistic regression with class
weighting, a random forest, and a gradient boosting machine.

2. Regression of DeviationDays. Models: mean and median dummy baselines, a stan-
dardized Ridge regression, a random forest regressor, and a gradient boosting regressor.

Features were drawn from the calibration period (months), device type, measure-
ment type, faculty identifier, calibration sequence number, calibration price, and binary
administrative flags (categorized, imported, portable). A pre-modeling feature audit dis-
carded constants (MeasureType, CalSeq) and flagged near-constants (>95% on the dominant
value) for cautious interpretation. Permutation importance was used in place of raw co-
efficients to compare feature contributions across model families. Reported metrics are
mean ± standard deviation across folds.

3.6. Rule-Based Fleet Scheduler

For deployment, a transparent rule is constructed that is applicable to every device in
the fleet, including those without a complete history:

RecommendedDated = LastCald + Periodd − B(Fd),

where B(Fd) = min(MAX_BUFFER, p̂Fd ·MAX_BUFFER) is a faculty-level safety buffer
linearly scaled by the empirical late-rate p̂Fd of the faculty to which device d belongs, capped
at MAX_BUFFER = 30 days. The 30-day cap is a managerial risk-tolerance parameter rather
than a fitted value; it bounds how far a high-late-rate faculty is recalled ahead of the
nominal date, keeping the earliest recall within one month of the regulatory due date so
that recall cost is not materially increased. A sensitivity check over 15-, 30- and 60-day caps
leaves the fleet-status decomposition unchanged, because the actionable devices are already
well past their nominal date. The buffer therefore tunes recall timing, not the coverage
diagnosis. Devices with a missing LastCal or missing CalibrationPeriodMonths are not
assigned a recommended date. Instead, they are flagged into one of three “incomplete”
status classes (NEEDS BASELINE CALIBRATION, NO PERIOD ASSIGNED, NO PERIOD
& NO HISTORY). The remaining devices receive one of three “actionable” status classes
(OVERDUE, DUE SOON (<90 d), SCHEDULED) based on DaysUntilNominal. The full
breakdown is reported in Section 4.5.

4. Results
4.1. Inventory Overview

Figure 1 presents the inventory composition across faculties, device types and mea-
surement types, together with the top fifteen departments by device count. Distribution
across the eleven faculties is highly skewed. The largest faculty holds approximately one
third of the fleet, and the top five departments together account for close to half of the fleet
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(44.8%). Device-type 1 dominates the fleet (approximately 70% of records, 2484 of 3552),
with type 0 and type 3 forming smaller sub-populations.

Figure 1. Inventory composition across faculties, device types, measurement types and the top fifteen
departments by device count.

The inventory composition exposes a structural concentration that conditions every
subsequent finding: a single faculty owns roughly one third of the fleet and the top five
departments together own close to half of the registered devices (44.8%). Operationally,
this means that any compliance improvement targeted at the heaviest holders propagates
to most of the institution, while light-tail faculties contribute relatively little absolute risk
even if their per-device behavior is poor. The dominance of device-type 1 (approximately
70% of records) further implies that the calibration regime can be optimized for a small
number of recurring instrument categories rather than a fragmented long tail. The most
consequential observation, however, is data-governance: of 3552 registered devices only
325 (9.1%) carry any calibration record at all and only 80 (2.2%) have a populated Last-
CalibrationDate. This is the single largest finding of the research and the principal reason
why the proposed scheduler must explicitly handle missing-history sub-fleets rather than
fabricate predictions.

4.2. Calibration Interval Analysis

Figure 2 reports the four core compliance distributions on the paired-event sub-sample
(n = 46): the actual inter-calibration interval, the deviation from the expected interval (as a
boxplot to expose the single outlier of +1345 days), the on-time vs. late split with Wilson
95% CI, and the days overdue/early relative to validity expiry. Display ranges for the
histograms are clipped at the 95th percentile to prevent the single outlier from collapsing
the visible distribution. The outlier is annotated explicitly.

The four interval-distribution panels jointly characterize the empirical compliance
regime on the paired-event sub-sample (n = 46). The actual inter-calibration interval is
centered close to the regulatory period but heavily right-skewed. The deviation boxplot
exposes a single +1345-day outlier that dominates the upper tail and that is annotated
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explicitly rather than clipped silently. The on-time vs. late split—24 vs. 22 events—yields
the headline 47.8% late-rate (Wilson 95% CI 34.1–61.9%, bootstrap 95% CI 32.6–63.0%). Half
of all events deviate by no more than four days from the planned interval, so the failure
mode is not a uniform laxity but a concentrated minority of severely late recalibrations.
This shape is precisely the regime in which a faculty-scaled safety buffer is more useful
than a single global early-recall offset.

Figure 2. Calibration interval analysis (n = 46 paired events): the days between calibrations, deviation
from expected interval, on-time vs. late split with Wilson 95% CI, and days overdue/early. The
histograms are clipped at the 95th percentile. The single +1345 day outlier is annotated. The circles
in the deviation panel (top right) are boxplot outliers, that is, individual paired events lying more
than 1.5 × IQR beyond the quartiles.

The headline statistics are summarized in Table 2. The empirical late-rate is 47.8%
with a Wilson 95% CI of 34.1–61.9% (Clopper–Pearson 32.9–63.1%) and a bootstrap 95%
CI of 32.6–63.0%. Half of all events deviate by no more than four days from the planned
interval, but the upper tail is heavy: a single device exceeded its expected interval by more
than three years.

Table 2. The empirical compliance statistics on the paired-event sub-sample (n = 46).

Statistic Value

Paired recalibration events (n) 46
On-time recalibrations 24 (52.2%)

Late recalibrations 22 (47.8%)
Wilson 95% CI for late-rate 34.1–61.9%

Bootstrap 95% CI for late-rate (B = 5000) 32.6–63.0%
Median deviation +4 days

Inter-quartile range of deviation [+3,+32] days
Maximum deviation (single outlier) +1345 days
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4.3. Empirical Late-Rate Stratified by Faculty and Device Type

Figure 3 reports the bootstrap-based late-rate estimates stratified by faculty and de-
vice type, restricted to groups with at least three observations. The stratification reveals
quantitatively meaningful and, at these sample sizes, exploratory heterogeneity:

1. Faculty 13: late-rate 87.5% with bootstrap 95% CI [62.5%, 100%] (n = 8);
2. Faculty 12: late-rate 39.5% with bootstrap 95% CI [23.7%, 55.3%] (n = 38).

Figure 3. Empirical late-rate with bootstrap 95% confidence intervals, stratified by faculty (left) and
device type (right). Strata with n < 3 are omitted. The dashed blue line marks the overall late-rate.

The two faculty confidence intervals do not overlap, and the contrast is significant by
Fisher’s exact test (odds ratio 10.7, p = 0.020), consistent with compliance behavior that is
not uniform across organizational units. Given the small strata (n = 8 and n = 38), the result
is nonetheless reported as exploratory. By device type, type 0 (six observations) recorded
100% late events, while type 1 (forty observations) returned 40.0% (95% CI 25.0–55.0%).
These two strata provide a preliminary empirical basis for the faculty-scaled safety buffer
in the rule-based scheduler (Section 4.4).

Stratification by faculty produces non-overlapping bootstrap confidence intervals
for the two largest strata: Faculty 13 records an 87.5% late-rate (95% CI 62.5–100%, n = 8)
while Faculty 12 records 39.5% (95% CI 23.7–55.3%, n = 38). The non-overlapping inter-
vals, corroborated by Fisher’s exact test (p = 0.020), point to heterogeneity consistent with
non-uniform compliance across the institution—reported as exploratory at these sample
sizes. Pooling the fleet would mask this heterogeneity and motivates the faculty-level
safety buffer of Section 3.6. The device-type panel reinforces the point—type 0 (six ob-
servations) recorded 100% late events while type 1 (forty observations) returned 40.0%
(95% CI 25.0–55.0%)—and the type 0 versus type 1 contrast is significant by Fisher’s exact
test (p = 0.008), though it is interpreted with caution given the small per-stratum sample
sizes and the absence of correction for multiple comparisons. These preliminary empirical
risk bands inform the way the rule-based scheduler scales its recall-day offset.

4.4. Exploratory Predictive Models with Explicit Baselines

Table 3 reports the five-fold cross-validation ROC-AUC for the classification of Calibrate-
dOnTime. The standardized logistic regression delivers the best mean CV-AUC (0.655 ± 0.18),
modestly above the stratified dummy baseline (0.40 ± 0.18). Tree-based ensembles do not
improve on the linear model at this sample size, and the scale of the standard deviations
(driven by ten observations per fold) cautions against any strong claim of validated predictive
performance. Under the same five-fold protocol the best classifier attains a balanced accuracy
of 0.61 ± 0.08 and a PR-AUC of 0.62 against a positive-class prevalence of 0.52 (PR-AUC for
the operationally relevant late class is correspondingly weaker), and its out-of-fold confusion
matrix recovers only six of the 22 late events (16 missed). Supervised classification is therefore
reported as exploratory and not yet deployable at this sample size rather than as a core
predictive contribution. These additional metrics are collected in Table 4.
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Table 3. Classification of CalibratedOnTime under stratified five-fold CV. Mean ± standard deviation
across folds.

Model ROC-AUC (Mean ± Std) Accuracy (Mean ± Std)

Baseline (stratified) 0.40 ± 0.18 0.41 ± 0.18
Baseline (most-frequent) 0.50 ± 0.00 0.52 ± 0.04

Logistic Regression (scaled) 0.655 ± 0.18 0.61 ± 0.13
Random Forest 0.61 ± 0.16 0.59 ± 0.14

Gradient Boosting 0.58 ± 0.15 0.57 ± 0.12

Table 4. Additional exploratory classification metrics for the best classifier (standardized logistic
regression) under stratified five-fold cross-validation. The last two rows summarize the out-of-fold
confusion matrix.

Metric Value

Balanced accuracy (5-fold CV) 0.61 ± 0.08
PR-AUC (5-fold CV) 0.62 (positive-class prevalence 0.52)

On-time events correctly recovered (out-of-fold) 23 of 24
Late events correctly recovered (out-of-fold) 6 of 22 (16 missed)

Table 5 reports the regression results for DeviationDays. No machine-learning model
beats the median dummy baseline. This is reported as a negative result. At n = 46, with a
single outlier of +1345 days, the variance of the target overwhelms any signal the available
features can extract.

Table 5. Regression of DeviationDays under stratified five-fold CV (target binarized by sign for
stratification). Mean ± standard deviation across folds.

Model MAE (Days, Mean ± Std) R2 (Mean ± Std)

Baseline (mean) 99.6 ± 86 −0.05 ± 0.10
Baseline (median) 60.5 ± 47 −0.06 ± 0.10

Ridge (scaled) 110.7 ± 92 −0.18 ± 0.20
Random Forest 73.4 ± 50 −0.10 ± 0.15

Gradient Boosting 78.2 ± 53 −0.12 ± 0.16

4.5. Rule-Based Fleet-Wide Schedule

Applying the rule of Section 3.6 to the full fleet of 3552 devices produces the six-
class status decomposition shown in Figure 4. The dominant class is NO PERIOD & NO
HISTORY: 3078 devices (86.7% of the fleet) lack both a LastCalibrationDate and a Calibra-
tionPeriodMonths and therefore cannot be scheduled at all. A further 394 devices (11.1%)
have a period but no history (NEEDS BASELINE CALIBRATION), and 71 devices (2.0%)
have a recorded last-calibration date but no period assignment in the codebook (NO PE-
RIOD ASSIGNED). Only nine devices (0.3%) admit a recommended date under the current
rule, and all of them are already past their nominal recalibration date, classifying them
as OVERDUE. None of the actionable devices fall into the DUE SOON or SCHEDULED
classes, indicating that the records currently usable by the scheduler are precisely those
whose periodic review has been allowed to lapse the longest.

The fleet-wide decomposition shows that the dominant operational issue today is
not scheduling sophistication but baseline data coverage: 86.7% of devices fall into NO
PERIOD & NO HISTORY and a further 11.1% into NEEDS BASELINE CALIBRATION.
Only nine devices (0.3%) currently admit a recommended date under the rule, and all of
them are already past their nominal recalibration date. The right-hand panel makes the
design choice of the scheduler concrete: faculties with the highest historical late-rate receive
the largest empirical buffer (capped at 30 days), so that high-risk organizational units are
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recalled earlier than low-risk ones for the same regulatory period. As noted in Section 3.6,
varying this cap between 15 and 60 days does not change the six-class decomposition
(Table 6): the buffer is intended to govern recall timing for schedulable devices, whereas
the fleet-level result is driven by baseline-record coverage.

Figure 4. Smart calibration scheduling—fleet-wide status (left) and faculty empirical late-rate mapped
to the linear safety buffer (right).

Table 6. The sensitivity of the fleet-status decomposition to the safety-buffer cap. The six-class counts
are identical for 15-, 30- and 60-day caps: within this snapshot no cap can move a device across a
class boundary, because every schedulable device is already overdue. The buffer would affect recall
timing only once devices approach their nominal date; on the present data it therefore changes no
scheduling decision.

Scheduling Status 15-Day Cap 30-Day Cap 60-Day Cap

OVERDUE 9 9 9
DUE SOON (<90 d) 0 0 0

SCHEDULED 0 0 0
NEEDS BASELINE CALIBRATION 394 394 394

NO PERIOD ASSIGNED 71 71 71
NO PERIOD & NO HISTORY 3078 3078 3078

5. Discussion
5.1. What the Data Support

The strongest and most transferable result of this work is a data-governance finding:
at the present data maturity most instruments cannot be scheduled algorithmically because
the baseline records required to do so are absent. The interpretation below separates that
governance finding from the narrower scheduling-method contribution, and reads the
supervised-learning results strictly as exploratory.

Three findings are supported by the evidence at a level appropriate for publication. First,
the institution-level recalibration late-rate is 47.8% with a Wilson 95% CI of [34.1%, 61.9%],
indicating that roughly half of all paired recalibration events occur after the previous validity
has lapsed. Evidence-based determination of calibration intervals [64] and uncertainty-based
scheduling of recalibration dates [65] are increasingly advocated in recent metrology research
as alternatives to fixed calendar-based practice. Second, this aggregate figure conceals inter-
faculty heterogeneity: at the smallest sample sizes in the present data, two faculty confidence
intervals do not overlap and the contrast is significant by Fisher’s exact test (p = 0.020), pointing
to compliance that is not uniform across the institution, reported as exploratory at these sample
sizes. Third, the fleet’s data-governance state—9.1% calibration coverage and 2.2% populated
LastCalibrationDate—is the dominant constraint on any data-driven scheduling architecture.
This is consistent with empirical findings that data quality governs the value of data-driven
maintenance decisions across the asset life cycle [66]. Without addressing this gap, even an
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ideal model would be confined to a small fraction of the fleet. The binding constraint is data
completeness, not model sophistication.

These findings are consistent with patterns reported in the broader Slovak smart-
manufacturing literature: faculty- and unit-level heterogeneity in calibration and condition-
monitoring practice has been documented in adjacent academic and industrial settings [50,51,58].
The present results extend that picture by quantifying the heterogeneity with non-overlapping
bootstrap confidence intervals on a single, end-to-end institutional dataset.

5.2. What the Data Do Not Support

Two claims that a less cautious analysis would have made cannot be supported. The
cross-validated ROC-AUC for the best classifier is 0.655 ± 0.18, a modest but uncertain
improvement over the stratified baseline (0.40 ± 0.18). At n = 46 this is consistent with
both “weak signal” and “no signal” and must therefore be reported as exploratory. More
starkly, no machine-learning regressor improves on the median baseline for DeviationDays.
In a body of research where small-sample studies routinely report inflated metrics, the
explicit reporting of this negative result is itself a contribution.

5.3. Why a Rule-Based Scheduler Is the Right Deployment

Given the constraints established above, the practical engineering deliverable of this
work is the rule-based scheduler of Section 3.6, not a black-box ML model. The rule has
four properties that make it appropriate for the present setting: it is transparent (auditable
in a single line of arithmetic), bounded (safety buffer capped at thirty days), empirically
grounded (the buffer is scaled by the institution’s own historical late-rate, not by an external
prior), and honest about missing data (devices without sufficient history are explicitly
flagged rather than implicitly imputed). These properties mirror the design principles
increasingly emphasized in the explainable-AI literature and align with the human-centric
framing of Industry 5.0. A comparable risk-based approach to modeling metrological
support for an instrument fleet has recently been proposed [67].

5.4. Implications for Smart-Manufacturing Architecture

The finding that 86.7% of the fleet cannot currently be scheduled algorithmically be-
cause of missing baseline data has direct architectural implications. A smart-manufacturing
instrument-management platform should:

• Treat the LastCalibrationDate and CalibrationPeriodMonths fields as first-class data-
quality indicators and surface their completion rate in operational dashboards, not as
optional metadata.

• Provide a six-class scheduling status (visualized in Figure 4) rather than a binary
“due/not due” indicator, so that incomplete records are visible and actionable rather
than hidden.

• Retain historical compliance information per faculty/device type to support the em-
pirical safety buffer described here and revise the buffer periodically as the historical
sample grows.

• Defer the introduction of supervised models until the historical sample is sufficiently large
for a defensible split (a working threshold of n ≥ 200 paired events per stratum, applied
where feasible, is a pragmatic target broadly consistent with small-sample guidance).

These architectural recommendations are consistent with the trajectory of recent Slovak
contributions on BIM-enabled facility and equipment management [59,60] and on the sus-
tainable use of measurement and calibration records in smart-manufacturing systems [51],
all of which identify the data-governance layer—completeness, traceability and historical
retention of asset records—as the binding constraint on data-driven decision-making, in-
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dependent of the specific machine-learning method eventually applied. Recent evidence
corroborates this: data-governance and data-quality rules materially improve analytics in
smart-factory settings [68], and automated machine-readable calibration workflows such as
digital calibration certificates are emerging as a practical substrate for such governance [69].

5.5. Limitations

Several limitations of this research must be stated explicitly. (i) The data originate from
a single Slovak technical university. Cross-institutional generalization is not warranted
without comparable extracts from other sites. (ii) The compliance sub-sample is small
(n = 46 paired events). This is addressed through bootstrap, Wilson and Clopper–Pearson
confidence intervals and through the exclusive use of cross-validation in Section 4.4, but
no inferential technique can wholly compensate for the underlying scarcity. (iii) The
CalibrationResult field is severely imbalanced (370 PASS/1 FAIL), so failure prediction
is structurally infeasible at present and is not attempted. (iv) The rule-based scheduler
treats all faculties whose historical sample is below the n ≥ 3 stratification threshold
with the institution-wide buffer. A finer-grained buffer will become defensible as the
dataset grows. (v) No real-world A/B test of the proposed scheduler against the current
calendar-based practice has yet been performed. Such an evaluation is the natural follow-up.
(vi) The study objects are de-identified, so their physical device categories and measurement
contexts are not disclosed. The analysis therefore reports statistical association rather than
established cause, and the inter-faculty differences are not given a causal interpretation.
(vii) Because usage intensity and environmental exposure are not recorded, the reasons
behind the differentiated compliance behavior across faculties and device types cannot be
resolved and are left to future, context-aware data collection. Concretely, future research
should (a) replicate the analysis on comparable extracts from other institutions to test
external validity, (b) instrument the calibration workflow to capture usage intensity and
environmental exposure as predictive features, (c) re-estimate the supervised models once
several hundred paired events have accrued (a working target of roughly 200 per stratum
where feasible), and (d) run a controlled comparison of the rule-based scheduler against
current calendar-based practice on operational outcomes such as overdue rate and recall
cost. In summary, the three headline limitations of this research are: a single-institution
dataset; the absence of external validation on independent sites; and a deliberately heuristic,
rule-based scheduler whose adoption of learned models is intentionally deferred until the
historical sample is large enough to support them under cross-validation.

6. Conclusions
This research presented an empirical, statistically grounded analysis of a real multi-

faculty calibration database operated by a Slovak technical university and proposed a
transparent, data-governance-informed rule-based scheduler. Taken as a whole, the analy-
sis shows that the binding obstacle to data-driven scheduling at this institution is record
completeness rather than algorithm choice. Stepwise, the evidence establishes three points:
first, the historical recalibration late-rate is 47.8% (Wilson 95% CI 34.1–61.9%); second, com-
pliance varies across faculties (Fisher’s exact p = 0.020) but the stratified estimates remain
exploratory at the available sample sizes; and third, 86.7% of the fleet cannot be scheduled
algorithmically today because baseline records are missing, while supervised modeling
yields only a weak, uncertain classification signal and no useful deviation regression. The
practical implication for instrument managers is that a transparent rule-based scheduler,
coupled with deliberate completion of last-calibration and calibration-period fields, is the
defensible interim deliverable, and that these conditions transfer to comparable research
and manufacturing infrastructures. Directions for extending the work—external replication
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across institutions, usage- and condition-aware features, and a controlled evaluation against
calendar-based practice that includes qualitative assessment beyond purely quantitative
outcomes—are set out among the limitations in Section 5.5.
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