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Abstract

Stopping-rule experiments ask participants to move through
ordered stages until they decide to act. These designs are
useful for studying intervention thresholds, but raw survey
exports are usually stored in wide form, while correct mod-
elling requires scenario-level thresholds and stage-level at-
risk rows. This paper presents a runnable R artifact for
reconstructing and validating stopping-rule data. The ar-
tifact uses a JSON configuration layer, modular R source
files, toy data, a second structurally different toy configura-
tion, automated testthat tests, adversarial validation checks,
reference outputs, licensing and citation metadata. In a de-
identified sequential risk-decision case study, the same recon-
struction logic maps 1,108 potential scenario observations
from 277 consenting participants, flags 25 ambiguous re-
sponse sequences, retains 1,083 clean scenario-level observa-
tions, and generates 3,047 stage-level at-risk rows. The eval-
uation documents local execution, automated test coverage,
end-to-end preprocessing behaviour, a second configuration
demonstration, adversarial failure behaviour and expected
linear scaling for larger survey exports. The contribution
is a reproducible data-engineering system that bridges raw
stopping-rule survey exports and standard event-history or
repeated-measures modelling tools, while making exclusion
decisions auditable rather than hidden in manual recoding.
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1 Introduction

Many applied decision problems are sequential rather than
static. A person, monitoring system or Al assistant may wait
while evidence remains ambiguous and act only when ac-
cumulating information crosses a threshold. This structure
appears in symptom checkers, safety monitors, cybersecu-
rity alerts, financial-risk systems and user-facing decision-
support tools. In each setting, the important question is not
only what information is present, but when the information
becomes action-relevant.

Stopping-rule surveys provide a compact experimental de-
sign for studying this behaviour. Participants see a sequence
of stages and choose either to keep waiting or to act. Once
action is selected, the scenario stops. The first action point
defines the decision threshold. If no action occurs by the fi-
nal stage, the true threshold is right-censored: it is known
only to exceed the final displayed level.

The computational difficulty is that common survey
platforms export this data in wide form: one row per
participant and separate columns for possible scenario-
stage responses. Standard modelling tools expect long,
validated event-history data. Between those two forms lies
a non-trivial reconstruction problem. Researchers must
map survey columns to scenario structures, enforce the
stopping rule, identify ambiguous response sequences,
reconstruct scenario-level thresholds and expand clean cases
into stage-level at-risk rows.

This preprocessing step matters because errors are easy
to hide. A manual wide-to-long conversion can accidentally
count post-intervention stages as if the participant were still
at risk, treat right-censored observations as observed final-
stage interventions, or silently retain inconsistent response
sequences. Such errors can change the estimated timing of
action even when the later statistical model is correctly spec-
ified. The present artifact therefore treats preprocessing as
part of the scientific method, not as clerical preparation be-
fore analysis.

This paper introduces a runnable R artifact that performs
this transformation. The contribution is not a new statistical
estimator. It is a reproducible preprocessing and modelling
pipeline that produces auditable datasets ready for existing
event-history, GEE or mixed-model tools.

2 Related Work and Tool Gap

Discrete-time event-history models represent event occur-
rence across ordered opportunities and are well established
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in statistics and social-science methodology [1, 2]. Gener-
alised estimating equations provide population-average in-
ference for clustered binary data [3, 4]. Software ecosystems
such as R survival, Python lifelines, geepack and statsmodels
support related model fitting once data have already been
transformed into the required long form [4-7].

However, these tools do not solve the prior data-
engineering problem caused by stopping-rule survey exports.
They do not validate whether a response sequence obeys
a first-action stopping rule, decide which post-intervention
stages should be excluded, generate exclusion logs or create
both scenario-level and stage-level files from a wide survey
export. The present artifact fills that preprocessing gap and
is designed to complement, not replace, existing modelling
packages.

The closer methodological neighbours are therefore not
only survival-analysis libraries but also work on reproducible
workflows, tidy data and research data organisation. Tidy-
data principles emphasise that each variable, observation
and observational unit should be represented consistently
before analysis [12]. Good-enough practices in scientific
computing similarly argue that project organisation,
scripted processing, versioned outputs and clear documen-
tation are necessary for reliable computational research
[13]. Data-organisation guidance for spreadsheets highlights
the risk of analysis errors when raw data structures are
convenient for entry but not for computation [14]. The
present pipeline applies these general principles to a specific
experimental structure: first-action stopping-rule surveys.

General data-validation frameworks such as validate and
pointblank support reusable column-level, row-level and
cross-column rules, including checks on values, missingness
and consistency [15, 16]. They can therefore identify many
generic data-quality problems that fall outside the scope
of this artifact. However, they do not provide built-in
first-action stopping-rule semantics for reconstructing
thresholds, distinguishing right-censoring from ambiguous
sequences, or generating stage-level at-risk rows. The
present artifact is narrower and domain-specific: it performs
those stopping-rule transformations and returns threshold,
censoring, exclusion-log and at-risk-row outputs.

The design also follows principles from reproducible com-
putational research: code, intermediate data products, logs
and tests should make a workflow inspectable rather than re-
lying on undocumented manual recoding [8-11]. Its specific
gap is the lack of a small, reusable bridge between survey
exports and event-history-ready stopping-rule datasets.

3 System

The artifact contains modular R files, JSON configuration
files, toy datasets, testthat tests, reference output files, ad-
versarial validation checks and software metadata. It is in-
tentionally small so that its logic can be inspected directly
and adapted to new stopping-rule designs by editing config-
uration rather than rewriting code. The system is organised
around three design choices: study-specific structure belongs
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Figure 1: R pipeline from raw wide survey export to
auditable model outputs.

in configuration; response-sequence validity is checked before
modelling; and all transformations produce auditable output
files.

3.1

The primary file config/study_config.json specifies the
participant identifier, response labels, covariates, scenario
identifiers, condition labels, ordered response columns and
stage scores. JSON was used because the mapping is struc-
tured, human-readable, language-independent and easy to
inspect without running R. Keeping this mapping outside
the R functions prevents study-specific column names from
being hard-coded into the validation and expansion logic. A
second file, config/study_config 3scenario_7stage.json,
uses three scenarios, seven stages, different column names
and different stage scores to demonstrate that the same re-
construction functions can be reused without source-code
edits.

Configuration-Driven Mapping

3.2 Sequence Validation

For each participant-scenario sequence, validate_
sequences.R classifies the observation as a clean interven-
tion, clean right-censored non-intervention, or ambiguous
sequence. A clean intervention contains wait responses be-
fore the first action and no later responses after the action.
A clean censored sequence contains wait responses through
the final observed stage. A sequence is ambiguous if it
contains unknown labels, non-wait responses before action,
responses after action, missing values inside an otherwise
observed sequence, or malformed stage information. This
taxonomy separates errors that are analytically meaningful
from ordinary right-censoring. The goal is to fail loudly or
log exclusions rather than silently manufacture model-ready
rows from invalid input.

3.3 Scenario and Stage Expansion

Clean sequences are reconstructed into scenario-level rows
containing the intervention indicator, action stage, action
score and censoring status. expand_stage_level.R then cre-
ates one row per at-risk decision opportunity. If action occurs
at stage 3, only stages 1 to 3 are included; stages 4 and 5 are
structurally excluded because the participant is no longer at
risk. If no action occurs, all observed stages are retained with
event = 0. This distinction is essential because event-history
models estimate the conditional probability of acting at a
stage given that action has not already occurred.
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Table 1: Scope relative to existing modelling and workflow tools.

Tool or approach Primary function

Remaining gap for stopping-rule surveys

survival / lifelines

geepack / statsmodels
GEE
General workflow tools
producibility
Spreadsheet or survey
exports
This R pipeline
tion

Event-history modelling
Clustered binary modelling
Project organisation and re-
Store raw wide responses

Validation and reconstruc-

Requires long-form event data already re-
constructed
Requires at-risk rows and event indicators

Do not encode first-action stopping-rule
logic

Do not directly represent scenario thresh-
olds or right-censoring

Produces scenario-level and stage-level
model-ready files with exclusion logs

Scenario-level row
S1event =1
action stage = 3

1: event 0
2:event0
3: event 1

Wide row: POO1
S1: wait, wait, action, blank, blank ™|

Figure 2: Conversion from wide stopping-rule re-
sponses to scenario-level and stage-level data.

Stage-level rows ’

Scenario-level row
S1 event = 0
right-censored

Wide row: P002 Stage-level rows
S1: wait, wait, wait, wait, wait

1-5: event 0

stopping_rule_pipeline/

— config/
study_config. json Reusable column and stage mapping
— R/
L« .R Modular validation, reconstruction and modelling functions
— data/
toy_stopping_rule_data.csv  Small transparent example input
— tests/
L« .R Configuration, validation, censoring and output tests
— outputs/ Six reference output files

'— LICENSE, CITATION.cff, renv.lock  Reproducibility and citation metadata

Figure 3: Directory layout of the R software artifact
supplied with the paper.

3.4
The

Outputs and Packaging

output module writes six files for each configured
run: scenario-level data, stage-level data, an exclusions
log, a reconstruction summary, a runtime report and
model coefficients. The repository also includes LICENSE,
CITATION.cff, .gitignore and renv.lock files so that the
artifact behaves like research software rather than loose
analysis scripts. Table 2 summarises the artifact structure
in accessible form, and Figure 3 shows the corresponding
directory layout.

4 Case Study

The pipeline is demonstrated using a de-identified sequen-
tial risk-decision dataset collected by the author in April
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and May 2026 during a broader empirical study of interven-
tion thresholds in adolescents and adults. The original survey
asked participants to move through hypothetical health-risk
scenarios and choose either to continue monitoring or seek
help. Participants were recruited through a convenience sam-
ple of UK secondary-school pupils aged approximately 15—
18, recorded in age categories, and adult contacts, including
parents and teachers. The school-age sample included partic-
ipants from several independent and state secondary schools.
The survey was administered online through Google Forms.
The substantive empirical analysis of the Part B dataset has
been published separately [17]. The case study in the present
paper uses the reconstruction problem from that dataset; it
does not reuse the published article’s hypothesis tests as the
contribution of this article.

As an independent, school-supervised project rather than
university or clinical research, the study was not submitted
to a university or external research ethics committee. Survey
distribution and data collection involving school-age partici-
pants were reviewed and approved before distribution by the
Deputy Head Pastoral and Designated Safeguarding Lead at
the participating schools. Participation was voluntary, and
only submissions with electronic consent were included in
the analysis; two submissions without consent were excluded.
The project was considered low risk because it used hypo-
thetical scenarios, involved no intervention or medical pro-
cedure, collected no clinical or diagnostic data, and allowed
participants to stop at any time. Responses were collected
anonymously: no names, contact details, email addresses, IP
addresses, school identifiers, personal medical histories or
clinical records were included in the research dataset. Demo-
graphic information was retained only in broad categories.
After collection, the twelve survey-version exports were com-
bined into a de-identified analytical dataset. Original times-
tamps, submission order, row numbers, consent responses
and potentially identifying metadata were removed. Each
consenting participant was assigned a random anonymous
identifier that did not encode survey version, timestamp or
original row order, and the combined dataset was shuffled
before sharing.
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Table 2: Structure of the R software artifact supplied with the paper.

Artifact component

Purpose

R/
config/

data/
tests/

Source functions for configuration loading, validation, reconstruction, stage-level expansion,
optional modelling and exporting

Primary and second JSON mappings for participant identifiers, response labels, scenario-
stage columns and stage scores

Primary and second toy wide-format stopping-rule inputs used for demonstration and tests
Automated checks for configuration loading, validation, expansion, output-file generation,

second-configuration reuse and assumption violations

outputs/
local_records/
LICENSE, CITA-
TION.cff, renv.lock

Reference outputs, second-configuration summary and adversarial stress-test matrix
Local verification records, R session information, console logs and output-file lists
Software licensing, citation metadata and dependency record

Table 3: Case-study reconstruction counts.

Quantity Count
Consenting participants 277
Potential scenario observations 1,108

Ambiguous sequences flagged 25
Clean scenario-level observations 1,083
Stage-level at-risk rows 3,047

The case-study dataset is used here only to demonstrate
the computational reconstruction pipeline. The present ar-
ticle does not make substantive behavioural claims about
age, escalation trajectory or information format. Its contri-
bution is the software artifact and the auditable conversion
from wide stopping-rule survey exports to scenario-level and
stage-level modelling datasets.

The reconstruction logic maps 1,108 potential Part B
scenario observations from 277 consenting participants. It
flags 25 ambiguous response sequences, retains 1,083 clean
scenario-level observations and expands these into 3,047
stage-level at-risk decision rows. These counts show the
difference between raw possible observations, valid threshold
observations and model-ready at-risk rows.

5 Evaluation

The artifact is evaluated as a computational reconstruction
system rather than as a new estimator. The evaluation asks
whether the system has a concrete accessible software ob-
ject, whether its mapping is configuration-driven, whether
output files match the paper claims, whether the automated
tests cover the main intended behaviours and whether the
resulting data products reduce the risk of common manual
preprocessing errors.

5.1 Local Verification and Public Artifact

The R artifact is available in a dedicated project OSF repos-
itory: https://osf.io/gyvmz/. The repository contains the
submitted software artifact and verification materials, in-
cluding modular R source code, JSON configurations, toy
wide-format stopping-rule datasets, automated testthat files,
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six reference outputs, a second configuration demonstration,
adversarial stress-test materials, software metadata and lo-
cal verification records. The final primary artifact was tested
locally in RStudio on R version 4.6.0. The expanded test-
that suite completed successfully with 41 passes, 0 failures,
0 warnings and 0 skipped tests across test groups covering
configuration loading, output-file generation, sequence vali-
dation, stage-level expansion, second-configuration reuse and
assumption violations. The demonstration pipeline also com-
pleted successfully, generated all six expected output files,
and recorded a runtime of 0.1449 seconds on the primary
toy dataset.

Because the toy demonstration dataset is intentionally
small, the model-fitting module first attempts the full GEE
specification and then falls back to prespecified simpler for-
mulas if the full model matrix is rank deficient. In the local
verification run, the score-plus-trajectory exchangeable GEE
model was used successfully and estimates were exported to
gee coefficients.csv. This fallback behaviour is part of
the optional modelling wrapper rather than a change to the
empirical reconstruction logic.

5.2 Reusability Through Configuration

The artifact now demonstrates reusability through a second
structurally different toy configuration. The primary toy de-
sign uses two scenarios and five stages; the additional con-
figuration uses three scenarios and seven stages, with a dif-
ferent participant identifier, different response columns and
different stage scores. The same validation, reconstruction
and stage-expansion functions are used for both designs.
The second configuration test verifies that no source-function
changes are required and reconstructs 9 clean scenario ob-
servations, 3 logged ambiguous observations and 42 stage-
level at-risk rows from the alternative toy export. This does
not prove universal generality, but it converts the reusability
claim from an architectural argument into a checked example
of configuration-driven adaptation.
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5.3 Automated Checks and Failure
Behaviour

The evaluation distinguishes successful intended behaviour
from the failure mode that matters most in stopping-
rule preprocessing: silent generation of apparently valid
stage-level rows from invalid response sequences. The
included tests cover configuration loading, presence of the
six reference output files, recognition of clean intervention
sequences, recognition of clean right-censored sequences,
classification of action-followed-by-later-response sequences
as ambiguous, exclusion of ambiguous observations from the
reconstructed scenario-level dataset, stopping stage-level
expansion after action, and retention of all observed stages
for right-censored scenarios. The revised artifact also
includes adversarial checks for a missing configured stage
column, an unknown response label, a response after action,
a missing value inside an otherwise observed sequence, a
malformed export missing the participant identifier, and
a zero-byte input file. These cases document whether the
pipeline fails loudly, logs an exclusion or completes safely
rather than silently producing wrong model-ready rows.

5.4 End-to-End Comparison With Manual
Preprocessing

A manual preprocessing workflow for the toy data requires
a researcher to inspect each scenario sequence, identify the
first action, decide whether later responses should be ignored
or treated as invalid, create a scenario-level threshold row,
expand the sequence into at-risk rows and maintain a sepa-
rate exclusion record. The pipeline makes those decisions ex-
plicit and repeatable. In the demonstration run, the software
generated the scenario-level file, stage-level file and exclusion
log from the same configured rules. The practical advantage
is qualitative rather than a claim of statistical superiority: it
reduces researcher discretion, makes exclusions inspectable,
and prevents common event-history mistakes such as retain-
ing post-action stages or assigning final-stage scores to right-
censored non-interventions.

5.5 Scalability

The reconstruction algorithm is linear in the number of
participant-scenario-stage cells that must be inspected. If
P is the number of participants, S the number of scenarios
per participant and K the maximum number of stages, the
validation step is O(P-S-K), and the stage-level expansion
produces at most P-S-K rows. Memory use is also dom-
inated by the resulting long-form stage-level table. This
scaling is appropriate for typical survey exports because
K is usually small and fixed by design. The reported
0.1449-second runtime should therefore be read only as a
local toy-data verification result, not as a benchmark for
all future uses. For larger studies, the main practical limit
is expected to be the size of the expanded stage-level file
rather than the sequence-validation loop.
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6 Discussion

The main contribution is the separation of stopping-rule re-
construction from model fitting. Existing modelling packages
are powerful after the analyst has created the correct long-
form data structure. The fragile step occurs earlier, when
wide survey responses must be interpreted as thresholds,
censoring decisions and at-risk rows. By making that step
scripted, configured and logged, the artifact turns an often
invisible preprocessing stage into an inspectable computa-
tional object.

The configuration-driven approach is useful because
stopping-rule studies may vary in the number of scenarios,
number of stages, stage scores and column names while
sharing the same first-action logic. Separating these design
features from the R functions makes adaptation easier and
makes errors more visible: if a configured column is absent
or a response label is unknown, this should be treated as
a data-integrity problem rather than silently resolved by
analyst judgement.

The artifact is deliberately modest. It is not a replace-
ment for survival, geepack, statsmodels or lifelines. Its pur-
pose is to produce the data structures those tools require.
Its novelty is therefore practical rather than mathematical:
it packages validation, reconstruction, exclusion logging and
stage-level expansion for a class of sequential survey designs
that otherwise invite ad hoc recoding.

7 Limitations and Future Work

The artifact currently assumes ordered stages and a first-
action stopping rule. Designs that allow repeated actions,
reversible decisions, competing event types or multiple pos-
sible interventions would require additional state logic. For
example, a study in which participants can first choose to
call a friend, later call a doctor and later call emergency ser-
vices would need a competing-risk or multi-state extension
rather than the single first-action rule used here.

The case-study dataset has also been used in a published
empirical analysis of information-format effects on interven-
tion thresholds in the same sequential health-decision task
[17]. That article examines substantive behavioural associa-
tions between risk-information format and intervention tim-
ing, whereas the present article addresses the distinct com-
putational problem of reproducible stopping-rule reconstruc-
tion, validation, exclusion logging and stage-level expansion.
The dataset is therefore shared between the two articles,
while the analyses, research questions and results are en-
tirely separate.

The evaluation remains limited. The automated tests ad-
dress the main intended behaviours and a small set of ad-
versarial failure cases, but they do not prove robustness to
every possible survey-platform export. Future work could
turn the script-based artifact into a formal R package with
continuous integration, vignettes, more bundled configura-
tion templates and a public issue tracker. Larger simulated
benchmarks would also be useful for measuring runtime and
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Table 4: Automated checks and adversarial stress-test behaviour.

Automated or adversarial
check

Observed or required behaviour

Why it matters

Configuration loading

Second configuration

Reference outputs

Clean intervention se-

quence
Right-censored sequence

Response after action
Missing value inside se-
quence

Unknown response label
Missing configured stage
column

Malformed export missing
participant identifier

Zero-byte input file

Malformed configuration

Stage expansion

study_config.json loads and ex-
poses scenario-stage mapping
3-scenario X 7-stage configuration
uses same source functions and re-
constructs 9 clean scenarios, 3 ex-
clusions and 42 stage rows

All six expected primary output
files are present

First action is recognised and action
stage is reconstructed

All-wait sequence is recognised as
non-intervention rather than final-
stage action

Sequence is classified as ambiguous
and logged

Sequence is classified as
ambiguous with reason
missing_inside_sequence
Sequence is classified as ambiguous
with reason unknown_response

Reconstruction fails loudly rather
than guessing absent data

Reconstruction fails loudly rather
than producing model-ready output

Reconstruction fails loudly with
“no lines available in input” rather
than producing model-ready output
Configuration loading fails when re-
quired fields are absent

Expansion stops after action and re-
tains all stages for censored scenar-
ios

Prevents analysis from proceeding
without an explicit study map
Demonstrates configuration-
driven reuse rather than only
asserting it

Confirms that the runnable ar-
tifact produces the documented
files
Defines
threshold
Preserves right-censoring rather
than inventing an event

the observed decision

Prevents impossible post-action
rows from entering the at-risk
dataset

Prevents interpolation or silent

compression of stages

Prevents unrecognised survey la-
bels from entering model-ready
data

Protects against malformed sur-
vey exports

Prevents structurally incomplete
survey exports from being pro-
cessed as valid data

Prevents an empty survey export
from being treated as valid input

Prevents reconstruction without a
valid study map
Creates valid event-history rows

memory use across thousands of participants, many scenar-
ios and longer stage sequences.

8 Conclusion

Stopping-rule designs are useful for studying sequential de-
cision thresholds, but they create a specific data-engineering
problem. Raw wide survey exports must be mapped, vali-
dated, reconstructed and expanded before they can be mod-
elled correctly. This paper presents a runnable R artifact
that performs this transformation using configuration-driven
mapping, modular reconstruction functions and auditable
outputs.

By turning stopping-rule responses into scenario-level
thresholds and stage-level at-risk rows, the pipeline provides
a bridge between behavioural survey exports and standard
event-history or repeated-measures modelling tools. This
makes the timing of action under uncertainty easier to
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analyse reproducibly in digital health, Al warning systems
and other decision-support settings.

Data Availability

The complete R software artifact and reproducibility
materials are publicly available through the dedicated OSF
project at https://osf.io/gyvmz/ and via the persistent
DOI  https://doi.org/10.17605/OSF.I0/GYVMZ.  The
repository contains all computational materials supporting
this manuscript, including the modular R source code,
primary and secondary JSON configurations, toy datasets,
automated tests, adversarial validation checks, reference
outputs, software metadata and local verification records.
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