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Abstract

Operational runbooks increasingly function as living documents
within operational workflows: they are maintained by people, used
in incident support, and continuously revised as organizational
knowledge changes. Yet little is known about how such document
collections evolve over time in production settings, or which inter-
pretable signals are useful for monitoring document change. We
analyze 17 weeks of version-controlled runbook snapshots pro-
duced during post-incident revision with machine-assisted review
and human oversight. We quantify document evolution using light-
weight linguistic and structural signals grounded in prior work
on procedural language, technical communication, and document
organization. Correlation analysis shows mixed patterns of asso-
ciation, including both positive and negative relationships, with
effect sizes ranging from negligible to moderate and varying across
corpora. Temporal summaries further distinguish comparatively
stable signals from revision-sensitive ones, supporting monitoring
of document maintenance workflows rather than one-shot qual-
ity judgments. An illustrative analysis on public GitHub product
documentation shows that signal behavior differs across corpora, re-
inforcing the need for context-aware interpretation. These results
identify which metric classes provide stable anchors and which
provide edit-sensitive indicators for managing operational docu-
mentation as an engineered document resource.
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1 Introduction

Operational documentation occupies a distinct position among soft-
ware engineering artifacts. Runbooks are procedural documents
that provide instructions for operational tasks such as alarm triage,
incident response, and maintenance activities in deployed systems.
Unlike descriptive documentation intended primarily for learning
or reference, runbooks and related support materials guide actions
whose timeliness and correctness can directly affect service reliabil-
ity. Authors must therefore balance thoroughness against naviga-
bility, preserving critical detail without impeding rapid information
access.

While care and upkeep practices for these materials vary be-
tween institutions, the current standard is trending towards man-
aged document collections embedded within version-controlled
documentation workflows, a practice known in industry vernacular
as ’doc-as-code’. Such repositories evolve through recurring cycles
of authoring, review, approval, and reuse. Documentation revision
is often uneven and event-driven, producing variability that compli-
cates aggregate analysis. We therefore frame revision monitoring
as a document engineering problem: maintainers need lightweight
methods to track how documents change across revisions. The
practical question is not which signals are universally stable, but
which can be meaningfully interpreted under these conditions.

Answering this question requires understanding how commonly
used document analysis metrics behave as documentation evolves.
Prior work on technical documentation often emphasizes static
quality assessment or downstream task outcomes, offering less
guidance on the behavior of metrics across successive revisions. As
a result, maintainers have limited support for distinguishing be-
tween routine variation, meaningful document change, and metric
instability in evolving repositories.

We look at documentation revision after incidents to examine
how different metric classes behave under routine maintenance
pressure. Some metrics remain comparatively stable and support
baseline monitoring. Others are responsive to localized reformu-
lation and help identify where revision activity is concentrated. A
third group is best treated as context-dependent because similar
metric changes may require different interpretations depending on
repository context.
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Our study analyzes two documentation corpora. The first con-
sists of operational runbooks produced during a 17-week deploy-
ment previously described in prior industry work [6], where docu-
mentation was revised through routine post-incident refinement
supported by automated gap analysis tools and human review. In
this setting, automated assistance was used to bring to light po-
tential gaps, while authors remained responsible for all revisions.
We re-examine the version-controlled artifacts from that setting
as a documentation repository with repeated snapshots, revision
history, and established maintenance practices. The second corpus
consists of yearly snapshots from a public technical documentation
repository and provides a comparison point for how the same met-
rics behave under a different collection scale and revision regime.

Since this work focuses on documentation change rather than
downstream task performance, increases or decreases in features
such as hedging, modal language, and constraint expressions are not
interpreted as improvements or degradations in document quality.
Instead, these features are examined as characteristics of repository
evolution. This scope is particularly important when documentation
serves both human readers and automated systems, which may rely
on different mechanisms for interpreting textual characteristics.

Contributions. This paper makes three contributions. First, it
defines a lightweight measurement approach for monitoring doc-
umentation revision in version-controlled operational documen-
tation using transparent linguistic and structural metrics. Second,
it introduces a stability-oriented metric categorization that distin-
guishes stable baseline measures from revision-sensitive indicators
under routine post-incident refinement in a deployed operational
setting, while also identifying context-dependent metrics whose
interpretation depends on repository conditions. Third, through
comparison with a public technical documentation corpus, it shows
that metric behavior differs across the two corpora studied. The pa-
per focuses on measurement and interpretation of documentation
revision rather than validation against downstream operational
outcomes.

2 Related Work

Research on technical documentation spans natural language pro-
cessing, software engineering, and technical communication, but
often treats documentation as a static artifact or evaluates interven-
tions indirectly through downstream outcomes, leaving open how
documentation language itself evolves over time.

Evaluation in deployed operational settings highlights challenges
associated with uncontrolled environments, where event-driven
behavior introduces variability and complicates causal attribution.
Prior work therefore emphasizes descriptive and distributional anal-
yses, within-subject comparisons, and transparent evaluation sig-
nals that remain stable under distribution shift [2]. In industry
contexts, rubric-based frameworks incorporating expert judgment
have been proposed for domain-specific documentation quality,
particularly in clinical text [15]. This study applies metrics to doc-
umentation artifacts in an operational setting, where the scale of
ongoing updates makes continuous human labeling impractical.

Documentation quality for retrieval-augmented and related docu-
mentation dependent systems has also been examined in the context
of systems that rely on external documentation for retrieval and
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grounding. Recent work shows that properties such as coverage,
organization, and specificity influence retrieval behavior and down-
stream task outcomes, and proposes evaluation frameworks based
on task-level performance or model-based judgments [13, 18, 19].
A recent analysis of language-model-generated documentation de-
fines quality along dimensions such as accuracy, completeness, rel-
evance, and understandability, assessed through expert review or
learned evaluators, and serves as an example of evaluation framed
around generated output quality rather than properties of the doc-
umentation itself [5]. In our work, we focus on the documentation
language itself. We use lightweight linguistic and structural signals
to examine how documentation changes over time under post-
incident refinement in an operational setting. The analysis here
focuses on identifying metrics whose behavior can be interpreted
as documentation is incrementally revised.

Documentation growth and structural organization have been
examined using quantitative properties such as document length,
section count, and content growth in document analysis and infor-
mation retrieval [1, 10]. In technical communication, structural or-
ganization through headings, hierarchical sections, and consistent
formatting has been shown to support navigability and compre-
hension. In NLP, document structure is leveraged for tasks such as
summarization and retrieval, motivating the use of header density
and section-level statistics as interpretable structural signals.

Procedural and instructional language has been studied in linguis-
tics and in computational NLP. Researchers have treated procedural
text as a distinct understanding task, modeling how entities and
states evolve across step sequences [17], and examining causal rea-
soning over entities and events in procedural narratives [20]. Earlier
research on procedural knowledge extraction demonstrates how
surface linguistic cues can be used to identify and structure pro-
cedural content automatically [21]. Across these studies, features
such as imperative constructions, step enumeration, and explicit
constraints are recognized as indicators of procedural intent and
actionability. The empirical patterns observed in our analysis are
consistent with these frameworks, in that changes in imperative
framing and instructional structure provide interpretable signals of
how procedural content is revised over time in operational docu-
mentation.

Concreteness, parameterization, and referential grounding are com-
monly operationalized through surface-level indicators such as
numeric expressions, parameters, identifiers, command snippets,
named entities, and pronoun usage. These features are widely used
in software documentation analysis, information retrieval, readabil-
ity assessment, and text complexity research as transparent proxies
for operational detail and task specificity [3, 9, 12, 14, 16].

Vagueness and hedging have been studied in linguistic pragmatics
and applied NLP, with hedge terms and epistemic modals introduc-
ing uncertainty and variability in interpretation, often reducing
directive clarity [4, 8]. Lexically grounded and interpretable meth-
ods such as SpeciTeller are commonly used in exploratory analyses
that prioritize robustness and transparency under operational vari-
ability [11].
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Figure 1: Operational workflow for runbook use and revision,
in which agent-surfaced guidance is compared with incident
resolution to identify gaps that are reviewed and incorpo-
rated into the version-controlled repository.

3 Study Context and Data

This study analyzes documentation produced during a previously re-
ported deployment for operational incident response [6]. In that set-
ting, documentation refinement occurred through a review process
in which automated gap analysis surfaced candidate updates for hu-
man review. The present work introduces no new data sources and
does not modify the original deployment; instead, it re-examines the
documentation artifacts from that deployment through longitudinal
language analysis.

Operational context. The deployment supported on-call engineers
by retrieving documentation and presenting synthesized guidance
during incident handling. Following incident resolution, the guid-
ance initially surfaced was compared with documented resolution
steps to identify discrepancies indicative of missing or underspeci-
fied documentation. These discrepancies were then surfaced as re-
finement suggestions for human review and incorporation through
established documentation-as-code workflows. Suggestions ranged
from concrete procedural additions to higher-level identification of
documentation gaps. All documentation updates remained human-
authored and subject to standard review and approval processes.

Documentation corpus and temporal structure. Operational docu-
mentation was maintained as a collection of Markdown files in a
shared version-controlled repository, including architectural doc-
uments, procedural runbooks and SOPs, incident triage guides,
and related operational references. Documentation changes were
recorded through commits and segmented into weekly snapshots,
each representing the state of the documentation at the end of a
given week-long on-call operator shift. This snapshot-based repre-
sentation supports longitudinal comparison while reducing sensi-
tivity to short-term variation in commit activity. The dataset spans
a fixed 17-week period corresponding to the original deployment.
Because many observations correspond to repeated measurements
of the same documents across snapshots (i.e., pairs of documents
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and snapshots), we treat the dataset as longitudinal rather than as
a collection of independent samples.

In addition to the operational corpus, we analyze a public tech-
nical documentation repository using yearly snapshots. The public
corpus is included as a reference setting for applying the same
measurements outside the operational deployment. It is not used
as a controlled comparison and differs from the operational corpus
in scale, revision cadence, and document role.

4 Methodology

Our goal is to characterize how operational documentation changes
over time when updates are introduced during assisted post-incident
revision. Using version-controlled snapshots, we analyze a set of
lightweight linguistic and structural metrics as monitoring signals
for how revisions accumulate within a maintained documentation
repository.

4.1 Unit of Analysis

The primary unit of analysis is a weekly documentation snapshot
reconstructed from a version-controlled repository, representing
the state of all documents at the end of each week. For each snapshot,
metrics are aggregated to produce corpus-level distributions used
in the analysis. In addition, changes are tracked within individual
documents across weeks to support paired comparisons, reducing
confounding effects due to document type or baseline verbosity.

4.2 Metric Selection Rationale

Metrics are selected to satisfy three practical constraints: they must
be supported by prior linguistic or technical communication re-
search, computable using lightweight and transparent procedures,
and suitable for longitudinal and distributional analysis in produc-
tion data without requiring controlled experimental conditions.
The resulting metric set spans a range of linguistic and structural
properties relevant to technical documentation and is analyzed in
aggregate and over time.

4.3 Linguistic and Structural Metrics

Content volume and baseline activity. We compute basic volume-
related measures, including word count and sentence count per
document, to contextualize documentation growth over time. These
metrics are not treated as indicators of documentation quality but
are used to normalize and interpret subsequent measures.
Structural organization. Structural properties are measured us-
ing features derived from document formatting and sectioning,
including header counts, header depth distributions, and section-
level statistics. These measures capture changes in navigability and
organizational regularity without semantic interpretation.
Procedural explicitness. Procedural explicitness is operational-
ized using surface indicators of instructional language, including
the density of enumerated steps and the rate of imperative sen-
tence constructions. These metrics provide interpretable signals of
procedural intent while remaining robust to stylistic variation.
Concreteness and parameterization. We measure the presence of
explicit operational detail using numeric expression density and
the frequency of code blocks and inline command tokens, which
commonly convey executable actions in technical documentation.



DocEng ’26, August 25-28, 2026, Fribourg, Switzerland

Referential grounding. Referential grounding is approximated us-
ing named entity density, entity diversity, and pronoun usage rates,
reflecting the extent to which documentation relies on concrete
references rather than underspecified terms.

Vagueness and constraint language. Uncertainty and obligation
are measured using curated lexical markers of vagueness (e.g. "may",
"likely" ) and constraint (e.g. "required"”, "never") then computed
as density measures to enable cross-document comparison. The
lexical proxies used for vagueness and constraint may exhibit partial
overlap and are interpreted as approximate signals rather than
strictly independent measures. Full marker lists are provided in
Appendix B.

All metrics were computed from Markdown source using de-
terministic rules and standard NLP preprocessing (tokenization,
sentence segmentation, POS tagging, and NER) implemented with
spaCy; exact metric definitions and marker sets are provided in
Appendix B.

4.4 Statistical summaries

To characterize relationships among key linguistic signals, we com-
pute Spearman rank correlations between imperative verb ratio,
constraint density, vagueness density, and entity density within
each corpus. Correlations are computed across document-level ob-
servations within snapshots and reflect cross-sectional associations
rather than temporal co-movement. As a result, signals may exhibit
positive correlation at the snapshot level while moving in oppo-
site directions over time. These views capture different aspects of
documentation behavior and should not be interpreted as contra-
dictory. We report both p and the associated p-value, but effect size
is the primary focus. Given repeated observations across snapshots,
p-values are reported for completeness but are not interpreted
as evidence of statistical significance. To summarize temporal be-
havior in the longitudinal HIL corpus, we additionally report the
coeflicient of variation (CV) over weekly aggregate means, using
lower CV values to identify stable anchors, higher values to identify
revision-sensitive indicators, and intermediate values to motivate
context-dependent interpretation.

5 Results

5.1 Corpus-Level Descriptive Statistics

Over the 17-week revision timeline, the corpus grew from 57 to
78 documents through 28 reviewed documentation changes, repre-
senting a 36.8% increase in document count and a 36.2% increase in
total word volume (51,920 to 70,703 words). Despite this growth,
document length remained stable: mean words per document de-
clined slightly (—0.5%), while the median increased modestly (+7.7%).
Mean sentence count per document decreased (—2.9%), and average
sentence length remained approximately constant at 26.4 tokens.

Table 1 reports the range of weekly aggregate means for key
metrics. Several metrics exhibited limited variability, while oth-
ers showed moderate to higher variation: entity density remained
tightly bounded around 0.06, imperative verb ratio ranged from 0.06
to 0.08, and vagueness and constraint densities showed bounded
variation. Code fence count per document ranged from 1.06 to 1.29.
Full endpoint values and per-metric summaries are provided in
Appendix A.1.
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Metric Min Median Max
Valid Documents 57 73 78
Entity Density (Mean) 0.06 0.06  0.06
Imperative Verb Ratio (Mean)  0.06 0.07 0.08
Vagueness Density (Mean) 7.94 8.67 891
Constraint Density (Mean) 6.13 7.25  7.57
Code Fence Count (Mean) 1.06 123 1.29

Table 1: Range of weekly aggregate means across the 17-week
study timeline (computed from weekly snapshot summaries).

Table 2: HIL focal-signal movement from W1 to W17.

Metric w1 W17 A%
Entity density 0.063 0.061  -3.5%
Imperative verb ratio  0.084 0.065 -23.2%
Vagueness density 8.11 889  +9.7%
Constraint density 6.13 725 +18.2%

Overall, the corpus exhibited steady growth in document count
while maintaining stable document length and bounded linguistic
variation.

5.2 Week-over-Week Trends

Across the revision period, metrics changed gradually but did not
follow a uniform direction. Entity density showed limited variation
relative to vagueness, varying by at most —3.5% from baseline,
while the imperative verb ratio declined steadily, reaching —23.2%
by Weeks 13 and 17. In contrast, vagueness density increased by
9.7% and constraint density by 18.2%.

Procedural structure indicators showed fluctuating behavior
without sustained directional trends. Code fence count declined
early before partially recovering and stabilizing near baseline, while
list items per document exhibited small fluctuations followed by a
slight net decrease.

Table 2 makes the core HIL signal movement explicit at a glance:
referential grounding changed little, imperative framing declined,
and both vagueness and constraint language increased. Across met-
rics, trajectories evolved independently: entity density remained
comparatively bounded while constraint density increased, im-
perative framing declined as vagueness increased, and structural
indicators varied without consistent correlation to volume mea-
sures. These endpoint shifts indicate direction of change, but not its
smoothness across weekly snapshots. Detailed weekly percentage
changes are reported in Appendix A.2.

5.3 Correlation structure across linguistic
signals

Table 3 shows mixed patterns of association, including both positive
and negative relationships. In the HIL corpus, the strongest rela-
tionships were a moderate positive association between constraint
and vagueness density (p = 0.33), a moderate negative association
between vagueness and entity density (p = —0.38), and a moder-
ate positive association between imperative ratio and entity den-
sity (p = 0.31). By contrast, imperative—constraint (p = 0.16) and
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Table 3: Spearman correlations among key linguistic signals.
Effect labels are included to discourage overinterpretation
of small associations.

Corpus  Signal pair p  p-value Magnitude
HIL imperative <> constraint  0.16 < 0.001 weak positive
HIL imperative <> vagueness 0.13 < 0.001 weak positive
HIL imperative <> entity 031 < 0.001 moderate positive
HIL constraint > vagueness  0.33 < 0.001 moderate positive
HIL constraint <> entity -0.17 < 0.001 weak negative
HIL vagueness <> entity -0.38 < 0.001 moderate negative

GitHub  imperative <> constraint  0.21 < 0.001
GitHub  imperative <> vagueness 0.04 < 0.001

weak positive
negligible

GitHub  imperative <> entity 0.15 < 0.001 weak positive
GitHub  constraint <> vagueness  0.13 < 0.001 weak positive
GitHub  constraint <> entity 0.01 0.392 negligible

GitHub  vagueness < entity -0.26 < 0.001 weak negative

Table 4: Cross-corpus comparison of focal signal movement
over the observed endpoints. The table highlights that simi-
lar metrics do not behave identically across documentation
contexts.

Metric HILA% GHA% Dir? Interpretation

Entity density -3.5% -0.5%  partial stable in both; stronger move-
ment in HIL

Imperative verb ratio  -23.2%  -13.2% yes  declines in both, but more
sharply in HIL

Vagueness density +9.7% -3.5% no  increases in HIL, decreases in
GitHub

Constraint density +18.2% -1.0% no rises in HIL, nearly flat in
GitHub

imperative-vagueness (p = 0.13) were weak positive associations,
while constraint-entity remained weak overall. Correlation sum-
maries should be read together with the aggregate trend analysis
above: cross-sectional association within snapshots and aggregate
movement over time capture different aspects of revision behavior.

Because documents are observed repeatedly across snapshots,
these row-level correlations likely overstate the effective sample
size in the HIL corpus. We therefore interpret the correlations
conservatively, prioritize magnitude over p-values, and emphasize
recurring patterns rather than weak effects. The GitHub corpus
shows a different configuration. Imperative ratio and constraint
density remained weakly positively associated (p = 0.21), and
vagueness and entity density showed a weak negative association
(p = —0.26). However, imperative—vagueness was negligible (p =
0.04) and constraint-entity was effectively null (p = 0.01). These
cross-corpus differences indicate that relationships among directive,
pragmatic, and referential signals differ across the two corpora
studied.

Table 4 complements the correlation results by showing how the
same focal metrics move differently across the two corpora studied.
This makes the corpus-specific pattern easier to read than prose
alone: the HIL corpus shows stronger procedural and pragmatic
movement, whereas GitHub remains comparatively stable or shifts
in different directions.
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Table 5: Temporal stability summary for the HIL corpus using
coefficient of variation across weekly aggregate means. Lower
CV indicates greater stability relative to the other signals in
this study; we do not treat these values as universal cutoffs.

Metric Week1 Week17 Net% CV  Interpretation
Entity density 0.063 0.061 -3.5% 0.013 most stable
Vagueness density 8.11 8.89 +9.7%  0.033  low variability
Constraint density 6.13 7.25 +18.2% 0.061 moderate variability
Imperative verb ratio  0.084 0.065 -23.2% 0.080 highest variability

5.4 Temporal stability of key signals

Temporal stability estimates for the HIL corpus further distinguish
signals with lower and higher variation. We use CV as a compar-
ative within-study measure over weekly aggregate means rather
than as an absolute threshold for practical significance. Directional
change and temporal variability capture distinct aspects of doc-
umentation revision and should be interpreted separately. Under
that interpretation, entity density showed the lowest coefficient
of variation (CV = 0.013), indicating the greatest stability across
weekly snapshots. Vagueness density increased directionally but re-
mained relatively smooth over time (CV =~ 0.033), while constraint
density showed moderate variability (CV = 0.061). Imperative ratio
showed the highest variability (CV ~ 0.080) among the four signals.
These results indicate that revision sensitivity is not captured by
endpoint movement alone: a signal may shift directionally while
remaining relatively smooth across weekly snapshots. Distinguish-
ing endpoint movement (net %) from temporal variability (CV) is
necessary to avoid conflating directional change with volatility: the
former indicates direction of change, whereas the latter summarizes
variability over time.

5.5 Illustrative Application to Public
Documentation

To illustrate how the same measurements behave outside the op-
erational setting, the metrics were applied to a public corpus: the
official GitHub documentation repository[7]'. Annual snapshots
from January 13th in 2024, 2025, and 2026 were analyzed; exact
commit hashes are provided in Appendix A.3.

The GitHub corpus grew from 5,870 documents in 2024 to 7,175
in 2026 (+22.2%). Mean words per document increased modestly
(+5.3%), mean sentence count increased (+15.8%), and average sen-
tence length decreased slightly (—3.2%).

Linguistic and procedural metrics exhibited patterns distinct
from the operational runbook corpus. Entity density and impera-
tive verb ratio remained stable, vagueness density decreased mod-
estly, and constraint density showed minimal change. Structural
indicators differed more substantially, with list items per document
increasing (+26.5%), reflecting greater use of explicitly structured
list content. Observed differences across the two corpora suggest
that metric behavior is sensitive to repository context rather than
governed by uniform thresholds.

1GitHub Docs is licensed under the Creative Commons Attribution 4.0 International
License (CC BY 4.0).
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Year-over-year trends showed year-specific variations without
sustained directional change. Full metric tables and yearly trend
breakdowns are provided in Appendix A.3.

6 Discussion

The measurement approach presented here supports monitoring
of version-controlled documentation repositories through three
complementary signal roles. Stable anchors provide a baseline
for comparing snapshots without overreacting to routine edits.
Revision-sensitive indicators register localized reformulation and
help identify where maintenance activity is concentrating. Context-
dependent signals require interpretation relative to corpus con-
text and revision regime rather than universal thresholds. In that
sense, the contribution is diagnostic rather than evaluative: the
metrics support revision monitoring and governance, but they do
not by themselves establish whether a revision is globally “better”
or whether it improves downstream task success.

Structural indicators remained largely stable across the 17-week
study period. Document length, sentence length, and hierarchical
organization showed limited variation, indicating that updates did
not occur primarily through broad expansion or restructuring. This
makes them useful baseline signals for repository-level monitoring
and helps isolate changes expressed through localized additions
and reformulations.

In contrast, several linguistic metrics exhibited directional change.

The imperative verb ratio declined, and constraint and obligation
language increased. These shifts are consistent with changes in how
procedural actions are framed rather than changes in procedural
scope.

From a measurement perspective, these trends indicate that re-
visions affected multiple aspects of procedural language simulta-
neously. The correlation structure is informative here: in the HIL
corpus, imperative and constraint language were weakly positively
associated rather than opposed, and constraint and vagueness mark-
ers showed moderate co-variation. These relationships suggest
overlapping patterns of revision rather than a tradeoff in which
one metric systematically replaces another.

These distinctions constrain interpretation because linguistic
form influences how instructions are read and acted upon. Im-
perative constructions support direct execution, while conditional
and obligation-based language introduces contextual flexibility at
the cost of immediacy [4]. The observed trends therefore suggest
changes in how procedures were expressed rather than simple
increases or decreases in directive content.

Named entity density remained stable across the study period,
constraining interpretation of the observed linguistic shifts. Sta-
bility in referential grounding indicates that changes in directive
and pragmatic framing were not driven by a broad move toward
abstraction or generic phrasing. While this does not rule out lo-
calized instances of vague content, it establishes a corpus-level
baseline against which longer-term deviations can be meaningfully
evaluated.

Markers of vagueness and hedging also increased over time,
alongside rising constraint language. In procedural documentation,
such markers may reflect context-sensitive conditional guidance or
introduce ambiguity depending on usage. The corrected temporal
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summaries suggest that vagueness should not be treated as the
most volatile signal here: its increase was comparatively smooth,
constraint language showed moderate variability, and imperative
framing varied most across weekly snapshots. These signals are
therefore best treated as context-dependent rather than uniformly
positive or negative. Their analytical value lies in flagging regions
of potential ambiguity for closer inspection rather than in charac-
terizing revision quality.

Not all signals exhibited the same level of interpretive reliability
under longitudinal analysis. Metrics such as list density and code
fence counts fluctuated in response to localized edits and document
additions, limiting their usefulness for tracking sustained revision
dynamics. In contrast, directive and obligation-related signals exhib-
ited coherent trajectories over time, making them better suited for
monitoring change without conflating localized formatting updates
with substantive reformulation.

Comparison with a public technical documentation corpus fur-
ther illustrates differences across the two corpora studied. Dif-
ferences across corpora are more pronounced in the structure
of relationships among signals than in their individual magni-
tudes. GitHub product documentation exhibited growth in explicit
structural elements, while the operational runbooks analyzed here
showed stronger shifts in directive and pragmatic framing. Some
relationships, such as the negative association between vagueness
and entity density, recur across corpora, but others weaken sub-
stantially or disappear outside the HIL setting. The comparison
should not be read as a normative benchmark in which one corpus
defines desired values for the other.

Overall, repository change in this setting is more clearly reflected
in linguistic reformulation than in volume or structure. Structural
and referential signals function as stable anchors, with entity den-
sity in particular serving as a stable anchor across weekly snapshots.
Imperative framing is the most variable of the focal linguistic sig-
nals, while vagueness increases smoothly and constraint language
occupies a middle position that requires contextual interpretation.

6.1 Boundaries and possible downstream
implications

This study does not evaluate downstream use directly, but the ob-
served metric patterns motivate bounded hypotheses for later work
on retrieval and documentation-supported guidance. Declining
imperative density may alter how directly action sequences are
expressed. Increases in vagueness markers may change how often
passages require contextual interpretation. Stable entity density
suggests that referential grounding remains comparatively intact
even as directive framing changes.

Within the scope of the present paper, these implications should
be treated as hypotheses rather than validated claims. Their value
in the present paper is to connect the measurement results to plau-
sible uses without collapsing monitoring into outcome evaluation.
Establishing which signals behave reliably under revision is a pre-
requisite for later studies that test whether those signals correlate
with human judgments or task performance.
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7 Conclusion

This work presented a lightweight measurement approach for mon-
itoring revision in version-controlled operational documentation.
By applying transparent linguistic and structural metrics to revision
snapshots, the paper characterized patterns of change, association,
and stability under ongoing human-authored revision.

The results show that while core volume and structural prop-
erties remain stable, repository revision is more clearly reflected
in shifts in directive framing and obligation language. Correlation
analysis indicates mixed patterns of association, including both
positive and negative relationships, with effect sizes that are mostly
weak to moderate and not identical across the two corpora studied.
Entity density served as a stable anchor for baseline monitoring,
imperative usage showed the greatest temporal variability, and
vagueness and constraint signals exhibited directional movement
while requiring context-sensitive interpretation. Comparison with a
public technical documentation corpus further showed that metric
behavior differs across the two corpora studied.

Future work can examine how the metrics identified here relate
to external criteria such as expert judgment, task-level evaluation,
and downstream system use. An illustrative example is provided
in Appendix C, showing how such metrics may be summarized by
automated systems and highlighting the potential for overinterpre-
tation. More broadly, the framework may support documentation
governance, maintenance planning, refinement workflows, and the
development of evaluation rubrics for evolving document collec-
tions.

8 Limitations

This study has several limitations that should be considered when
interpreting the results. First, the analysis is observational and con-
fined to a single deployment within one organization. The HIL
corpus should therefore be understood as a bounded documenta-
tion program observed densely over time, not as a broad population
sample. Documentation practices, operational norms, and revision
behaviors may differ substantially across organizations, limiting
the generalizability of specific trends observed here. The GitHub
comparison helps separate recurring from corpus-specific relation-
ships, but it does not eliminate the study’s bounded organizational
scope.

Second, the longitudinal dataset is densely observed rather than
statistically independent at the row level. The same documents ap-
pear repeatedly across weekly snapshots, so repeated observations
reduce the effective sample size for row-level analyses and require
conservative interpretation of correlations and related significance
tests.

Third, the study relies on general-purpose natural language pro-
cessing tools. Named entity recognition and part-of-speech tagging
were performed using a spaCy model trained on mixed-domain
English text rather than operational documentation. This was an
intentional design choice in favor of transparent, reproducible sig-
nals that can be computed consistently across corpora. While the
model is not optimized for runbooks, the analysis emphasizes rela-
tive change and aggregate behavior rather than absolute tagging
accuracy. Systematic tagging biases would therefore be expected to
affect snapshots consistently, reducing their impact on longitudinal
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trends, but domain-specific models may yield different absolute
values.

Fourth, the NLP signals used here are intentionally coarse. Entity
counts, imperative ratios, pronoun rates, and lexicon-based vague-
ness or constraint markers provide transparent and reproducible
proxies, but they do not capture deeper semantic properties such
as factual correctness, procedural completeness, or whether a con-
ditional statement is appropriately calibrated to system variability.
In operational text, some apparent “noise” may also be functional:
abbreviated commands, product-specific identifiers, fragmented
syntax, and telegraphic phrasing are common in runbooks and may
reduce the apparent accuracy of general-purpose tokenization, tag-
ging, and sentence segmentation without undermining the practical
usefulness of the documentation for human operators.

Fifth, the lexicons used to identify vagueness and hedging mark-
ers are derived from prior work in general English and narrative or
advisory text, and have not been formally validated for technical
documentation or operational runbooks. Accordingly, these met-
rics are treated as descriptive signals rather than direct measures
of underspecification or quality. Their interpretation is necessar-
ily contextual and should be considered alongside complementary
indicators such as constraint language and referential grounding.

Sixth, the dataset spans a fixed and relatively short time hori-
zon corresponding to a single deployment period. Documentation
changes are driven by operational events, and longer-term or cycli-
cal patterns may not be captured. In addition, the study does not
employ controlled experimental manipulation or counterfactual
baselines, precluding causal attribution between the deployed sys-
tem and observed documentation changes.

Finally, the analysis does not incorporate human judgments
of documentation quality or operational effectiveness. While the
selected metrics are grounded in prior work and chosen for inter-
pretability, they do not directly assess semantic correctness, com-
pleteness, or practical utility. Nor do we validate the automated
signals against expert annotation in the present study. For that
reason, the present metrics are best understood as diagnostic mea-
surements that can guide inspection and future validation rather
than as standalone evaluative criteria.

9 Ethical Considerations

This study analyzes documentation maintained under human over-
sight. All documentation edits were reviewed and approved through
established workflows before commit, and responsibility for oper-
ational decisions remained with on-call engineers. Potential risks
include over-reliance on automated metrics without human judg-
ment and documentation degradation affecting incident response
time. Mitigations include: (1) metrics are descriptive, not evaluative;
(2) all edits underwent standard review; and (3) feedback mech-
anisms exist for engineers to flag unhelpful documentation. The
analysis does not validate downstream operational performance or
decision quality.
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Operational Runbooks as Living Documents

A Metric Tables

This appendix provides supporting metric tables referenced in the
main text. The main paper reports inline summaries of key patterns;
the tables below provide detailed values for verification.

A.1 HIL Corpus: Endpoint and Weekly
Summary Tables

Label Valid Total W/Doc  W/Doc
Docs Words  (Mean) (Med)

Week 1 57 51,920 910.88 418.00
Week 17 78 70,703 906.45 450.00

Table 6: HIL corpus volume (Part 1): Document counts and
word statistics at Week 1 and Week 17.

Label Sent/Doc  Avg Sent Docs

(Mean) Length  Change
Week 1 52.26 26.37 -
Week 17 50.74 26.61 +36.8%

Table 7: HIL corpus volume (Part 2): Sentence statistics and
document count change from Week 1 to Week 17.

Label Entity Imperative  Vagueness  Constraint

Density Ratio Density Density
Week 1 0.06 0.08 8.11 6.13
Week 17 0.06 0.06 8.89 7.25

Table 8: HIL linguistic metrics (Part 1): Entity Density, Imper-
ative Ratio, Vagueness Density, Constraint Density at Week
1 and Week 17.

Label Code List TTR  Pronoun

Fences  Items Density
Week 1 119 29.39 0.40 25.18
Week 17 1.23 28.85 0.39 25.36

Table 9: HIL procedural metrics (Part 2): Code Fences, List
Items, Type-Token Ratio, Pronoun Density at Week 1 and
Week 17.

A.2 HIL Corpus: Week-by-Week Trends

Week Entity  Imperative = Vagueness  Constraint

Density Ratio Density Density
Week 1 +0.0% +0.0% +0.0% +0.0%
Week 5 -2.3% -15.7% +6.8% +18.9%
Week 9 -2.3% -18.8% +6.6% +22.5%
Week 13 -3.4% -23.2% +9.4% +16.9%
Week 17 -3.5% -23.2% +9.7% +18.2%

Table 10: Weekly trends (Part 1): Linguistic metrics. Percent-
age change from baseline (Week 1) for Entity Density, Imper-
ative Ratio, Vagueness Density, Constraint Density.

Week Code List  Avg Sent Docs
Fences  Items Length

Week 1 +0.0%  +0.0% +0.0% +0.0%

Week 5 -11.2% -5.2% -2.0% +19.3%

Week 9 +7.9%  +0.1% +1.9%  +28.1%

Week 13 +1.0% -1.5% +1.9%  +36.8%

Week 17 +3.2%  -1.8% +0.9%  +36.8%

Table 11: Weekly trends (Part 2): Structural metrics. Percent-
age change from baseline (Week 1) for Code Fences, List
Items, Average Sentence Length, Document Count.
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A.3 Public Verification Corpus: GitHub
Documentation

Year  Valid Total W/Doc W/Doc
Docs Words  (Mean) (Med)

2024 5,870 1,663,685 283.42 68.00
2026 7,175 2,141,098 298.41 72.00

Table 12: GitHub corpus volume (Part 1): Document counts
and word statistics for 2024 and 2026.

Year  Sent/Doc  Avg Sent Docs
(Mean) Length  Change

2024 15.81 34.93 -
2026 18.30 33.80 +22.2%

Table 13: GitHub corpus volume (Part 2): Sentence statistics
and document count change from 2024 to 2026.

Year Entity  Imperative = Vagueness

Density Ratio Density
2024 0.02 0.03 17.16
2026 0.02 0.03 16.57

Table 14: GitHub linguistic metrics (Part 1): Entity Density,
Imperative Ratio, Vagueness Density for 2024 and 2026.

Year  Constraint Code List

Density  Fences Items
2024 9.55 0.63 4.77
2026 9.45 0.65 6.04

Table 15: GitHub procedural metrics (Part 2): Constraint Den-
sity, Code Fences, List Items for 2024 and 2026.

Year Entity  Imperative Vagueness Constraint

Density Ratio Density Density
2024 +0.0% +0.0% +0.0% +0.0%
2025 -0.3% -18.1% +1.8% +2.6%
2026 -0.5% -13.2% -3.5% -1.0%

Table 16: GitHub yearly trends (Part 1): Linguistic metrics.
Percentage change from 2024 baseline for Entity Density,
Imperative Ratio, Vagueness Density, Constraint Density.

Year Code List  Avg Sent Docs
Fences Items Length

2024 +0.0% +0.0% +0.0% +0.0%

2025 -2.6% +6.0% -3.4% +9.9%

2026 +1.9%  +26.5% -32%  +22.2%

Table 17: GitHub yearly trends (Part 2): Structural metrics.
Percentage change from 2024 baseline for Code Fences, List
Items, Average Sentence Length, Document Count.

B Complete Metric Definitions

This appendix provides a comprehensive reference of all 39 metrics
computed by the RunbookTextStats tool. Metrics are organized into
eight categories reflecting distinct properties of technical documen-
tation.

B.1 File Metrics (3)

Metric Description
bytes File size (bytes)
chars Character count
lines Line count
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Year Commit Hash Snapshot Date

2024 62bf6d6 January 13, 2024
2025 83b29a0 January 13, 2025
2026 d62681e January 13, 2026

Table 18: GitHub documentation repository snapshots used
for analysis. All snapshots were taken on January 13th of
their respective years from the github/docs repository.

Markdown Structure (13)

Metric Description

Total headers (H1-H6)
Counts for H1-H6 (6 metrics)
Fenced code blocks

Lines in code blocks

Bullet list items

Numbered list items
Checklist items

Total list items

header_count
header_h*_count
code_fence_count
code_block_lines
bullet_list_count
numbered_list_count
checklist_count
list_item_count

Text Volume (3)

Metric Description

word_count
paragraph_count
sentence_count_basic

Word count (whitespace-separated)
Paragraph count
Sentence count (regex heuristic)

Vagueness & Constraint

Metric Definition and Marker Set

vagueness_density Lexical markers of uncertainty and impre-
cision, computed as occurrences per 1,000
words. The 30 markers include epistemic
modals and hedge expressions: may, might,
could, would, should, can, possibly, perhaps,
probably, likely, somewhat, relatively, fairly,
rather, quite, sort of, kind of, apparently, seem-
ingly, arguably, roughly, approximately, about,
around, generally, typically, often, sometimes,
usually, mostly.

constraint_density Lexical markers of obligation, prohibition,
and conditional constraint, computed as oc-
currences per 1,000 words. The 28 markers
include directive modals, prohibitive terms,
and fixed expressions: must, shall, will, need,
needs, needed, require, requires, required, nec-
essary, never, avoid, prohibited, forbidden, do
not, don’t, must not, mustn’t, shall not, shan’t,
cannot, can’t, need to, have to, has to, had to,
required to, necessary to, only if, unless, pro-
vided that, if and only if.

Basic NLP Metrics (5)
Blank or trained spaCy models

Metric Description

token_count
sentence_count
avg_sentence_len_tokens
type_token_ratio
moving_avg_ttr

Token count (excl. spaces)
Sentence count

Avg tokens per sentence
Lexical diversity (unique/total)
Length-independent diversity

Named Entity Recognition (6)
Requires trained spaCy NER

Metric Description

Total named entities
Entities per token (0-1)
Unique entity strings
Unique/total entities (0-1)
Entity types dict

Most frequent entities

entity_count
entity_density
unique_entity_count
entity_mention_ratio
entity_type_counts
top_entities
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Part-of-Speech (3)
Requires trained spaCy POS tagger

Metric Description

pronoun_count
pronoun_density
imperative_verb_ratio

Total pronouns
Pronouns per 1K tokens
Imperative/all verbs (0-1)

Metadata (4)
Metric Description
snapshot_id Snapshot identifier
doc_id Document path hash
repo_path Relative path
error Error message (if failed)

Metric Selection Rationale. These metrics are selected to capture
complementary dimensions of technical documentation without
requiring task-specific models or manual annotation:

e Structural organization (Markdown structure, text vol-
ume) reflects navigability and hierarchical organization

e Procedural explicitness (list items, code blocks) indicates
step-oriented guidance

e Linguistic properties (lexical diversity, sentence length)
capture writing complexity

o Referential grounding (entity density, pronoun usage) in-
dicates concrete vs. underspecified content

e Uncertainty and obligation (vagueness/constraint den-
sity) capture actionability in procedural text
All metrics are computed automatically from markdown source
without semantic interpretation, enabling longitudinal analysis at
repository scale.

C Illustrative Example of Automated
Interpretation (Non-Evaluated)

This appendix provides an illustrative example of how summary
statistics derived from documentation metrics may be interpreted
by an automated system. It is included to demonstrate the potential
for overinterpretation when such signals are treated as evaluative
rather than descriptive.

The example does not constitute a validated evaluation method.
The model output is not used as evidence in this study, and no
claims are made about its correctness or reliability. In particular,
qualitative judgments such as “improving” should not be taken as
supported conclusions of the analysis.

You are given summary metrics comparing documentation
snapshots over time for the

Task: Provide an example qualitative summary (non-validated)
of the documentation metrics.

Criteria (use only what the metrics support): - Volume
(growth, stability, or contraction) - Organization /
order (structural indicators such as headers, lists,
code blocks) - Specificity (grounding and concreteness
proxies such as entity density, constraints, vagueness
markers)

Instructions: 1) First list the 5-10 metrics you relied
on and what each suggests. 2) Then give an example overall
summary label. 3) If evidence is mixed, say so and explain
why. 4) Do not assume that changes imply quality unless
the metrics directly support that claim. 5) Identify
positive and concerning trends.

Input Metrics: (Derived from Latex Tables Snippets) Given
the following document change statistics:
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“¢ Label, Entity Density, Imperative Ratio, Vagueness
Density, Constraint Density A, 0.06, 0.08, 8.11, 6.13 B,

0.06, 0.06, 8.89, 7.25

Label, Code Fences, List Items, Type-Token Ration, Pronoun

Density A, 1.19, 29.39, 0.40, 25.18 B, 1.23, 28.85, 0.39,

25.36

Label, Valid Docs, Total Words, W/Doc (Mean), W/Doc (Med)
A, 57, 51,920, 910.88, 418.00 B, 78,

450.00

70,703, 906.45,

Label, Sent/Doc (Mean), Avg Sent Length, Docs Change A,
52.26, 26.37, - B, 50.74, 26.61, +36.8% “*

C.1 Example Model Response
Generated with Claude Sonnet 4.5

Example qualitative summary (non-validated) 1. Key Metrics

Analysis
Volume Metrics:

Valid Docs (A: 57 — B: 78, +36.8%) — Significant growth
in documentation coverage, indicating expanded scope or
new areas being documented. Total Words (A: 51,920 — B:
70,703) — Substantial absolute growth (~36%) consistent
with document count increase. W/Doc Mean (A: 910.88 —
B: 906.45) - Stable average document length, suggesting

growth is through breadth rather than depth inflation.

W/Doc Median (A: 418 — B: 450) - Slight increase suggests
the new documents are reasonably substantive, not just

stubs.

Organization Metrics: 5. Code Fences (A: 1.19 — B:
1.23) - Slight increase in code examples per document,

maintaining technical illustration.

6.

List Items (A:
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29.39 — B: 28.85) - Marginal decrease but essentially
stable, indicating consistent structural organization.
Specificity Metrics: 7. Constraint Density (A: 6.13 —

B: 7.25) - Notable 18% increase suggests more specific
requirements, limits, or rules being documented. 8. Vagueness
Density (A: 8.11 — B: 8.89) - Concerning 9.6% increase

in vague language markers. 9. Type-Token Ratio (A: 0.40
— B: 0.39) - Slight decrease indicates marginally more
repetitive vocabulary (expected with volume growth). 10.
Entity Density (A: 0.06 — B: 0.06) — Stable, showing
consistent concrete reference density. 2. Overall Summary:
Mixed patterns with caution

This qualitative summary is produced by the model and is
not supported or endorsed by the analysis presented in
this paper. 3. Mixed Evidence Explanation

Positive trends:

37% expansion in coverage without diluting document substance
(stable W/Doc metrics) Increased constraint density signals
more precise, actionable documentation Structural elements
(code fences, lists) remain consistent despite rapid
growth Imperative ratio decreased slightly (0.08 —
0.06), potentially indicating more explanatory vs. purely
prescriptive content

Concerning trends:

Vagueness density increased 9.6%, working against the
gains in constraint specificity The combination of higher
constraints BUT higher vagueness suggests possible inconsistency
in documentation quality across the expanded corpus Slightly
lower type-token ratio may indicate increased boilerplate
or templated content

The remainder of this example is omitted here because
prescriptive recommendations would overstate what these
descriptive metrics can support on their own.
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