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Abstract
Lock-out/tag-out (LOTO) procedures are critical for isolat-
ing hazardous energies before maintenance. AI-assisted au-
thoring tools can help technicians produce an initial draft of
these documents, which can then be edited and completed
before review, but the resulting procedures still require hu-
man validation before deployment. This paper proposes a
measurement framework for two complementary quantities:
an audit burden index that ranks procedures by expected re-
view effort and semantic drift metrics that quantify how the
language of procedures evolves over time. The audit burden
index is learned from interpretable content features using a
linear latent model trained with operationally derived pair-
wise comparisons and auxiliary outcome heads. The drift
metrics operate on document embeddings and capture shifts
in the distribution at different temporal resolutions. We de-
scribe the audit workflow in which these measurements arise,
present an empirical overview on a cohort of procedures, and
summarise pilot results that demonstrate the feasibility of our
approach. A detailed mathematical development of the latent
model and drift measures is provided, and we discuss train-
ing, evaluation and limitations. Throughout we emphasise
that the goal is measurement rather than prediction: the index
and drift metrics are intended for monitoring and triage, not
for automated approval.

1 Introduction
LOTO procedures enumerate the steps required to isolate
hazardous energies on industrial equipment. Accurate docu-
mentation is essential for safety, yet drafting and approving
these procedures is labour-intensive. AI-assisted authoring
platforms can now support technicians by generating an ini-
tial draft of a procedure, which can then be edited, corrected
and completed by a human before submission for review. In
this workflow, the procedure is not treated as an automati-
cally approved output, but as an editable document produced
through a human–AI authoring process.

Even with this assistance, every completed procedure must
still be reviewed by a domain expert before it can be used. As
the number of AI-assisted procedures grows, reviewers need
tools for triage and monitoring: they must prioritise which
documents are likely to consume the most effort and detect
when the procedural corpus evolves in ways that warrant
training or process adjustments.

This paper introduces a principled measurement frame-
work for two challenges arising in this setting. First, how
can we quantify the review effort of a procedure when we
do not have direct labels? We address this by learning a
one-dimensional audit burden index from deterministic con-
tent features using operationally derived pairwise compar-
isons and operational outcomes as supervision. Second, how
can we detect when the semantics of procedures drift over
time? We propose embedding-based drift metrics that cap-
ture centroid shifts, dispersion changes and novelty trends.
These measurements are complementary: the audit burden
index supports document-level triage and comparison, while
the drift metrics monitor corpus-level changes.

Our contributions are threefold. (i) We formalise the
LOTO audit workflow, identify observable signals and define
an audit burden index that is inferred from content features
via a linear latent model. (ii) We develop embedding-based
drift metrics tailored to procedural documents and highlight
their interpretation. (iii) We present an empirical overview on
an internal cohort, showing that the learned index aligns with
weak signals better than simple heuristics and that certain
feature families are critical.

2 Audit Workflow and Empirical
Overview

2.1 Workflow and observable signals

In the AI-assisted authoring platform under consideration, a
technician creates an initial LOTO procedure with the support
of a language model, edits and completes the resulting fiche,
and then submits it to an audit queue. A reviewer inspects
the document and either approves it or returns it for revision.
Three observable signals are recorded automatically:

(a) Delay 𝑦delay is the elapsed time between submission and
approval. It reflects reviewer workload and document
quality.

(b) Churn 𝑦churn counts the number of revision cycles. A
higher churn indicates repeated modifications.

(c) Friction event 𝑦fric is a binary indicator of whether the
document was returned for rework at least once. A fric-
tion event signals that the initial draft was insufficient.
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These operational signals are noisy proxies for audit burden:
delays may arise from reviewer availability, and revisions
may reflect process changes. They provide weak supervision
but should not be treated as ground truth.

2.2 Dataset summary

Our pilot cohort contains 130 procedures. Each procedure is
grouped by machine and site. Table 1 summarises the distri-
bution of procedures across machine categories and reports
the number of friction events for each group.

Table 1: Summary of the internal cohort used for pilot experiments.

Category # Procedures # Friction events

Total 130 45
Electrical / control 28 10
Hydraulic / pneumatic 24 8
Mechanical / motion 26 9
Production / tooling 22 7
Facility / utility 18 6
Other / mixed 12 5

2.3 Baseline comparisons and ablation study

We compare the learned audit burden index to several base-
lines: a legacy heuristic that combines step and submission
counts, univariate baselines (step count, token count and se-
mantic only) and a random score. Figure 1 shows dot-plot
comparisons of pairwise accuracy and figure 2 shows dot-plot
comparisons of friction AUC. Our method achieves higher
accuracy and AUC than the baselines on this cohort, indi-
cating that integrating multiple content features and weak
outcome heads yields a more informative burden index. The
random baseline illustrates that naive scores achieve at most
fifty percent pairwise accuracy.

Figure 1: Pairwise accuracy comparison between the audit burden
index, the legacy heuristic, simple feature baselines and a random base-
line. Higher values indicate better agreement with sampled pairwise
comparisons.

Figure 2: Friction AUC comparison between the audit burden index,
the legacy heuristic, simple feature baselines and a random baseline.
Higher values indicate better discrimination of friction events.

To understand the contribution of feature families, we train
the joint model while removing one family at a time. Fig-
ure 3 presents an annotated heatmap of AUC and pairwise
accuracy across ablation runs. Removing constraint features
reduces performance noticeably, while removing novelty fea-
tures has little effect. These results highlight which aspects of
procedure content are most informative for the audit burden
index.

Figure 3: Ablation study. Each row corresponds to a model trained
with a single feature family removed. Columns show friction AUC and
pairwise accuracy. Warmer colours indicate higher values. The full
model attains the best overall metrics; constraint features are partic-
ularly important for both metrics. Results are obtained on the cohort
described in Section 2.

2.4 Semantic drift overview
We also compute semantic drift measurements on the pro-
cedures. The goal is to determine whether the language of
generated procedures remains stable within equipment fami-
lies, or whether the corpus as a whole shifts over time. The
full metric definitions are given later in Section 4; here we
present the main empirical patterns.
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Group-level centroid drift remains modest for the major
equipment families. As shown in Figure 4, the five main cat-
egories cluster in a low-to-moderate range, while the Other /
mixed group exhibits larger drift and wider uncertainty. This
is consistent with the fact that the Other / mixed category
contains fewer embedded procedures and combines hetero-
geneous equipment types. The result suggests that docu-
mentation for the same broad family of equipment remains
relatively stable over time.

Figure 4: Group-level centroid drift by equipment family. Points show
estimated centroid drift between early and late embedded procedures
within each family, with bootstrap intervals obtained by resampling
procedures. Major equipment families remain in a low-to-moderate
drift range, while the Other / mixed group is higher and less stable
because it is smaller and more heterogeneous.

The corpus-level drift is larger than the embedding-
weighted mean of within-group drift. Figure 5 compares
the full-corpus drift against the weighted average of group-
level drift for centroid, combined and lexical metrics. The
gap indicates that part of the observed corpus-level shift is
not simply uniform evolution inside every equipment fam-
ily. Instead, it is partly explained by changes in the mix of
equipment categories appearing in the corpus over time.

Figure 5: Corpus-level drift compared with the embedding-weighted
mean of group-level drift. For centroid, combined and lexical drift, the
corpus-level value exceeds the corresponding within-group weighted
mean. This suggests that portfolio composition contributes to the total
drift measured at the corpus level.

Lexical drift accounts for a meaningful fraction of the
measured semantic shift. Figure 6 compares lexical drift with
combined semantic drift across equipment families and at

the corpus level. Lexical drift remains lower than combined
semantic drift, but it is not negligible. This indicates that
changes in wording and style accompany the embedding shift
rather than being independent from it.

Figure 6: Lexical drift compared with combined semantic drift across
equipment families and at the corpus level. Lexical drift remains below
combined semantic drift but accounts for a meaningful fraction of the
measured shift, indicating that wording and style changes accompany
the semantic evolution of the corpus.

Finally, the novelty score increases gradually after an initial
baseline period. Figure 7 uses the first 20 procedures as
a reference corpus and measures the distance of each later
procedure from the baseline centroid. The positive fitted
trend indicates that later procedures tend to move farther from
the initial procedural corpus. This pattern suggests that newly
generated procedures become more distinct relative to earlier
procedures, possibly reflecting greater diversity in generated
documentation or changes in the types of equipment being
documented.

Figure 7: Novelty trend relative to the initial procedural corpus. The
first 20 procedures define a baseline centroid, and each subsequent
point measures the distance of a later procedure embedding from that
centroid. The fitted line shows a positive novelty trend, suggesting that
later procedures become more distinct relative to the initial corpus.

3 Latent Audit Burden Model
This section formalises the audit burden index. We denote by
𝑠 an individual procedure and by x𝑠 ∈ R𝑑 its feature vector.
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Features are grouped into structural, constraint, lexical and
novelty families as described in Section 2. To make features
comparable we standardise each column across the cohort to
have zero mean and unit variance.

3.1 Linear latent score
We posit a linear latent score

𝑧𝑠 = w⊤x̃𝑠 , (1)

where x̃𝑠 denotes the standardised features and w ∈ R𝑑 is
a weight vector. For indices 𝑗 in a predetermined mono-
tonic subsetM, we require 𝑤 𝑗 ≥ 0 so that increasing those
features increases the latent score. Because 𝑧𝑠 is linear, its
contributions can be decomposed exactly by feature family:

𝑧𝑠 =

𝑑∑︁
𝑗=1

𝑤 𝑗𝑥𝑠 𝑗 .

3.2 Weak supervision via pairwise ranking
Absolute labels of audit burden are unavailable, but we can
derive comparisons. Within each machine-specific stratum
we sample pairs of procedures (𝑠𝑖 , 𝑠 𝑗 )whose heuristic burden
differs by more than a threshold. Let P denote the set of such
ordered pairs. We minimise a Bradley–Terry ranking loss

Lrank (w) =
∑︁
(𝑖, 𝑗 ) ∈P

log
(
1 + exp(−(𝑧𝑠𝑖 − 𝑧𝑠 𝑗 ))

)
, (2)

which encourages 𝑧𝑠𝑖 > 𝑧𝑠 𝑗 when the heuristic burden of 𝑠𝑖
is larger. The ranking objective depends only on differences
and is invariant to adding a constant to all 𝑧𝑠 . Pairwise
labels are weak: they are induced by a simple heuristic and
discard near-ties. They provide directional information but
not ground truth.

3.3 Outcome heads
Operational signals supply additional supervision. We define
three heads that regress friction, delay and churn onto the
latent score:

𝑝𝑠 = 𝜎(𝑏fric + 𝛾fric𝑧𝑠) , (3)

Lfric = −
∑︁
𝑠

[
𝑦fric
𝑠 log 𝑝𝑠 +

(
1 − 𝑦fric

𝑠

)
log

(
1 − 𝑝𝑠

) ]
, (4)

Ldelay = 1
2

∑︁
𝑠:has delay

(
log

(
1 + 𝑦

delay
𝑠

)
−
(
𝑏delay + 𝛾delay𝑧𝑠

) )2
,

(5)

Lchurn = 1
2

∑︁
𝑠

(
log

(
1 + 𝑦churn

𝑠

)
−
(
𝑏churn + 𝛾churn𝑧𝑠

) )2
. (6)

Biases 𝑏• and slopes 𝛾• are learned jointly with w. These
heads treat operational signals as random variables condi-
tioned on 𝑧𝑠; they do not assume that high burden causes
friction. Their role is to supply gradients that guide the latent
score toward values consistent with observed outcomes.

3.4 Regularisation and monotonicity
We add two penalties to control overfitting and enforce prior
beliefs. A squared ℓ2 regulariser

Lreg = ∥w∥22 (7)

discourages large weights and improves conditioning. A
monotonicity penalty

Lmono =
∑︁
𝑗∈M

max(0,−𝑤 𝑗 )2 (8)

punishes negative weights on features that should increase
complexity. After each gradient update we project 𝑤 𝑗 ←
max(0, 𝑤 𝑗 ) for 𝑗 ∈ M.

3.5 Total objective and optimisation
The combined objective is a weighted sum

Ltotal = 𝜆rankLrank + 𝜆fricLfric + 𝜆delayLdelay

+ 𝜆churnLchurn + 𝜆regLreg + 𝜆monoLmono.
(9)

Hyperparameters 𝜆• trade off the influence of each term.
When no pairwise supervision is available, 𝜆rank is set to zero
and the other weights are increased slightly so that absolute
heads still determine w. We optimise with full-batch gradient
descent, step decay and gradient clipping, projecting onto the
monotonic orthant at each step.

3.6 Interpretation and limitations
Because 𝑧𝑠 is linear in standardised features, its contributions
can be decomposed exactly, enabling transparent reporting
of which features drive audit burden. However, the score
is cohort-dependent: standardisation uses the cohort mean
and variance and novelty features measure deviations relative
to the cohort. Consequently, scores from different cohorts
cannot be compared directly. Furthermore, pairwise labels
and outcomes are weak proxies; they introduce confounding
from operational processes. The audit burden index should
therefore be interpreted as a relative measure of expected
review effort rather than as an absolute measure of inherent
document difficulty.

4 Semantic Drift Metrics
While the audit burden index ranks documents at a point in
time, we also need to monitor how the procedural corpus
evolves. Let e𝑠 ∈ R𝑝 denote an embedding of procedure 𝑠

obtained from a pre-trained language model. Suppose we
partition the set of embeddings into two non-overlapping
subsets 𝐴 (earlier documents) and 𝐵 (later documents). We
define several drift metrics.
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Centroid drift. The centroid drift is the Euclidean distance
between the average embeddings:

𝑑centroid = ∥ē𝐴 − ē𝐵∥2 . (10)

It measures global shifts in the semantic space.

Combined drift. We decompose each embedding into a
centroid component and a dispersion component and com-
pute the norm of the difference:

𝑑comb = ∥(ē𝐴 − ē𝐵, cov(𝐴) − cov(𝐵))∥ . (11)

Here, cov(·) denotes the covariance matrix. This metric
captures both location and spread differences.

Distribution-sensitive drift. To detect local changes we
define

𝑑NN =
1
|𝐵|

∑︁
𝑠∈𝐵

min
𝑡∈𝐴
∥e𝑠 − e𝑡 ∥2.

This metric reports whether new documents occupy regions
of embedding space far from all earlier documents. It is
sensitive to the density of 𝐴 and does not solve a global
matching problem.

Lexical baseline and novelty trend. As a baseline we com-
pute drift on token frequency vectors to distinguish semantic
shift from lexical changes. To measure whether later proce-
dures move away from the initial corpus, we define a baseline
centroid using the first 𝑚 embedded procedures:

ē1:𝑚 =
1
𝑚

𝑚∑︁
𝑗=1

e 𝑗 .

For each later procedure 𝑠𝑖 , 𝑖 > 𝑚, we define

𝜈𝑖 = 𝑑 (e𝑖 , ē1:𝑚) .

The novelty trend is the fitted slope of 𝜈𝑖 over procedure order.
In our experiments we use 𝑚 = 20, which provides a stable
initial reference set while leaving enough later procedures to
estimate the trend.

These metrics can be computed within machine groups
or on the entire corpus. Group-level drift detects changes
in how a specific type of equipment is documented, while
corpus-level drift mixes categories and is confounded by
composition changes.

5 Training and Evaluation Protocol
We train the model described in Section 3 on the cohort
summarised in Table 1. Features are standardised on the
training set, and hyperparameters (𝜆•) are chosen based on
preliminary experiments. Pairwise comparisons are derived
by stratifying by machine and site and sampling pairs with
heuristic burden differences above a threshold. Operational
heads use log-transformed delay and churn. We evaluate
performance using several complementary metrics:

• Pairwise accuracy (PA) and mean signed margin assess
how often the latent score correctly orders sampled pairs.

• Friction metrics include ROC AUC and balanced accuracy
at the median split. These should be interpreted cautiously
because the number of friction events is limited and the
cohort is small.

• Delay and churn correlations measure linear and rank
correlations between 𝑧𝑠 and log(1+𝑦delay

𝑠 ) or log(1+𝑦churn
𝑠 ).

They test whether the index aligns with continuous out-
comes.

• Drift metrics defined in Section 4 capture semantic shifts
at group and corpus levels.

• Ablation and baseline comparisons evaluate the contri-
bution of feature families and benchmark against simple
heuristics.

We report bootstrap means and percentile intervals by resam-
pling procedures. Holdout splits are defined chronologically,
training on earlier documents and testing on later ones; hold-
out evaluations reflect generalisation but are limited by small
sample sizes.

6 Empirical Findings
We summarise the empirical results obtained on the current
dataset. The numbers reported here are computed from the
cohort described in Section 2; they serve to illustrate how the
measurement framework behaves on realistic data.

Audit burden index performance. On the expanded
dataset the learned index outperforms the legacy heuristic
and the univariate baselines in this pilot cohort. The joint
model achieves a pairwise accuracy of 0.75 and a friction
AUC of 0.88, whereas the legacy heuristic attains 0.68 and
0.84 on the same metrics. Simpler baselines (step count,
token count and semantic only) fall between 0.60 and 0.66 in
accuracy and between 0.76 and 0.80 in AUC. Delay corre-
lation with the latent score is 0.65 for our model, compared
with 0.53 for the heuristic, suggesting that the index captures
aspects of review time beyond simple counts. As expected,
the random baseline yields a pairwise accuracy of 0.50 and
an AUC of 0.50, illustrating that naive scores provide no
information.

Holdout evaluation. To assess generalisation we reserved
twenty percent of the procedures as a holdout set, training
the model on the remaining eighty percent. On the holdout
documents our method achieves a pairwise accuracy of 0.72
and a friction AUC of 0.85, while the legacy heuristic attains
0.64 and 0.80 respectively. These results demonstrate that
the learned index generalises well to unseen procedures and
maintains a consistent advantage over the baseline methods.
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Ablation insights. The ablation study illuminates which
feature families contribute most to the latent score. Remov-
ing constraint features reduces the friction AUC from 0.88
to 0.80 and the pairwise accuracy from 0.75 to 0.70, reflect-
ing the importance of cross-energy interactions and verifica-
tion burden. Dropping structural features yields AUC 0.84
and pairwise accuracy 0.72, a modest decline that indicates
structural statistics encode useful but partly redundant in-
formation. Excluding lexical semantics produces AUC 0.85
and accuracy 0.71, suggesting that semantic patterns pro-
vide modest gains. Finally, removing novelty features leaves
performance unchanged at AUC 0.88 and accuracy 0.75, im-
plying that cohort-relative novelty is not yet informative in
this dataset.

Drift patterns. The semantic drift analysis shows a clear
separation between within-family stability and corpus-level
movement. Group-level centroid drift remains modest for
the major equipment families, ranging from 0.081 for Elec-
trical / control to 0.108 for Production / tooling, with the
heterogeneous Other / mixed category higher at 0.158 (Fig-
ure 4). The corpus-level centroid drift is 0.181, compared
with an embedding-weighted within-group mean of approxi-
mately 0.099, while the corpus-level combined drift is 0.229
compared with a weighted within-group mean of approxi-
mately 0.127 (Figure 5). This gap suggests that part of the
observed corpus-level drift is driven by changes in the mix
of equipment categories rather than by uniform movement
within every category. Lexical drift is also non-negligible:
at the corpus level, lexical drift is 0.159 compared with com-
bined semantic drift of 0.229, and group-level lexical drift
ranges from 0.063 to 0.136 (Figure 6). Finally, the novelty
trend is positive after the initial 20-procedure baseline pe-
riod, with later procedures moving farther from the baseline
centroid over procedure order (Figure 7).

Limitations. The cohort is still small; friction events and
delay labels remain sparse. Weak labels derived from heuris-
tics and operational signals are confounded by process fac-
tors. The audit burden index is cohort-dependent and should
be interpreted as a relative measure rather than an absolute
quantity. Larger datasets with expert comparisons will be

needed to validate the index. Drift metrics depend on the
stability of embeddings and the composition of the corpus.
Despite these limitations, the pilot demonstrates the feasibil-
ity of measuring audit burden and monitoring semantic drift
in AI-assisted procedures.

7 Discussion and Future Work
The proposed framework provides a first step toward quan-
tifying review effort and monitoring semantic change in AI-
assisted LOTO procedures. By treating audit burden as a
latent construct learned from interpretable features and weak
supervision, we obtain an index that aligns with multiple op-
erational signals and outperforms simple heuristics. Drift
metrics complement the index by revealing how the procedu-
ral corpus evolves, informing maintenance of templates and
training materials.

Future work will integrate larger datasets and incorpo-
rate expert annotations to strengthen supervision. Non-linear
yet interpretable models such as monotonic splines or gen-
eralized additive models may capture interactions between
features without sacrificing transparency. On the drift side,
we plan to explore optimal transport distances and investigate
how changes in audit burden correlate with semantic shifts.
Ultimately, measurement tools such as the audit burden index
and drift metrics may support dynamic allocation of review
resources and continuous improvement of AI-assisted docu-
mentation systems.
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