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Where to find the key checks. Human Coding and Label Provenance reports reliability, provenance, and adjudica-
tion. Conceptual Foundations of the Taxonomy gives the construct grounding, separates theory-derived from authorial
choices, and states what this analysis can and cannot show about the scheme. Proof Burden Score: Computation Detail de-
fines the score and its alternatives. Model Specifications, Deviations from the Internal Pre-Analysis Plan, and Robustness

Checks report the models, deviations, and score-4-or-5 subsets. Agent-Identified Listing Profile contains the display-
name, composite-sensitivity, and calibration checks. The final sections cover follow-up reachability, co-occurrence,
and proposed worker validation.
Reader guide.A proof requirement is something a listing asks a worker to submit, show, or make available as evidence
of task completion. The Proof Burden Score (PBS) is the study’s proposed 0–5 screening summary: a 0–4 base tier set by
the requirements a listing asks for, plus up to three modifier points, capped at 5; “elevated” means PBS at least 3 and
“severe” means PBS at least 4. A threshold-positive listing is one meeting the severe threshold. A routed row was sent to
the third coder for adjudication; an adjudicated label is that coder’s final label. A display-name cluster groups listings
carrying the same normalized public requester display name. OR denotes an odds ratio, CI a confidence interval, and
𝑞 a multiplicity-adjusted 𝑝 value. The primary population is the 779 content-eligible bounty/task listings; all-returned
analyses instead retain every one of the 981 objects the public endpoints returned and are labeled sensitivities. These
statistical quantities describe this nonprobability snapshot and do not make it representative of a larger population.
Throughout this supplement, “agent-identified” and “human-identified” are shorthand for groups formed fromplatform
metadata; they name the same two groups the main paper calls “agent-or-bot-labeled” and “human-labeled”, and they
do not verify who controlled a listing.
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1 Public-Only Collection Protocol

The collection protocol uses only public listing pages and unauthenticated public API endpoints. The study does not
create accounts, log in, apply to tasks, contact workers or requesters, join private channels, or collect private messages.

For RentAHuman, broad unauthenticated public queries returned authentication errors when requesting paginated
result pages after page 1. The collection script therefore queries public bounty listings by status and by status-category
partitions, deduplicates rows by platform identifier, and records the query path used for each raw response. Every
recruiting partition returned HTTP 400; one recruiting listing appeared on a broad first page, so recruiting listings
beyond that observed row may be absent. For Human Pages, the script queries the public listings endpoint. A public
GoHireHumans REST endpoint was checked during collection and returned no jobs. The frozen pre-coding snapshot
returned one open Human Pages listing and no GoHireHumans jobs. An auxiliary capture from the same Human Pages
endpoint about six hours earlier had returned 15 open listings, so that market’s visible inventory changed substantially
over that six-hour gap; the analysis frame is the frozen snapshot, to which Human Pages contributes one row. These
counts reflect the two smaller markets’ small and fast-changing inventories rather than collection gaps. In a recheck on
August 12, 2026, during camera-ready preparation, the Human Pages public listings page displayed “No open listings
right now” and the GoHireHumans jobs page displayed four postings, each posted by the platform’s own operations
account and dated July 2026—after the snapshot window, consistent with the collection-day record of zero jobs.

RentAHuman is the empirical center of the study. The public listing fields available in this snapshot support mea-
surement of advertised task requirements: listed price, status, category, free-text descriptions, and sometimes struc-
tured evidence or completion criteria. For RentAHuman, the processed-dataset builder joins each detail record to its
matching public list record by platform identifier; the list record supplies the visible application count. Human Pages
exposes that field directly. It is populated for all 981 listings and positive for 464, supporting the separate diagnostic
in Model Specifications. These fields do not support claims about completed work, final payment, rejection, worker
choices, or post-completion dispute resolution. The one Human Pages row is retained as a small auxiliary source that
enters full-snapshot prevalence estimates and full-sample RQ3 calculations as a singleton; one row cannot support a
cross-platform comparison.

The processed snapshot spans 20 RentAHuman public categories. The largest platform-provided category labels are
“other,” “marketing campaigns,” “creative media,” “research fieldwork,” “hiring,” and “tech-dev.” Across the harmonized
source records, 870 rows are labeled human, 71 RentAHuman rows carry a named agent or bot type, and the Human
Pages singleton has a row-level nested agent/agentId relation rather than an agent-type field. Those 72 rows form
the agent-identified group; 39 rows carry an ambiguous “other” label. The planned content-eligibility screen, applied
row by row during the full protocol recode described in Human Coding and Label Provenance, leaves 779 content-
eligible bounty/task listings as the primary population (all 72 agent-identified rows, 676 human-identified rows, and
31 ambiguous “other” rows); 202 returned records were excluded as service offers (117), records requesting no human
action (61), or promotional posts (24), and enter only the all-returned sensitivities. The requester-type fields and agent
relations above are too coarse to distinguish who designs, benefits from, or supervises a task. Public status is similarly
limited as an outcome measure: the snapshot mixes cancelled, completed, open, assigned, and partially filled listings
without longitudinal status history. For joined RentAHuman rows, the processed timestamp and source-URL hash
describe the selected detail response, not necessarily the list response that supplied application and spot fields; that field-
level list provenance remains only in the withheld raw captures and manifests. The public fields do not reveal whether
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Proof Burden Supplement 3

completion evidence would later be uploaded through the platform, sent through an external channel, reviewed by a
person, reviewed automatically, retained after payment, or disputed by workers.

Manifest rows record source platform, raw response path, source URL hash, UTC collection timestamp, HTTP status,
scraper revision field, and collection notes for 2,827 captures. The earliest RentAHuman run also retains 66 detail
captures that have no manifest row. A post-hoc integrity index over the raw captures hashes and counts those files
as retained_unmanifested; it does not assign them invented timestamps, URLs, statuses, or collector metadata. The
core RentAHuman manifests record scraper_commit_hash=NO_COMMIT, so the exact historical collector revision is
unavailable. Raw captures are not intended for public release because task text can contain personal data, direct links,
social handles, addresses, phone numbers, or instructions that should not be amplified.

2 Processed Data and Redaction

The controlled internal processed dataset is redacted so routine analysis files expose no task wording. The privately
retained CSV and JSON versions contain one row per public listing. Identifiers and source URLs are deterministic SHA-
256 hashes of public platform identifiers and URLs, not anonymous study identifiers. The repeated-signature key—
which groups listings sharing a title, category, price, and currency—is also an unkeyed digest of normalized title and
public metadata. These inputs can be guessed or enumerated, and public quasi-identifiers remain. Creation time alone
is unique for 981/981 rows. After removing timestamps, 822/981 remain unique on platform, category, status, listed
price format, spots, application count, requester label, and evidence-type text. Rekeying hashes therefore cannot make
the microdata suitable for an unrestricted archive, and this supplementary PDF excludes them. Columns named for raw
title, description, and requirement fields remain, but every value is a constant placeholder; per-row field presence and
length are instead preserved in separate description- and requirement-word-count columns. Full raw text is retained
privately and does not accompany this PDF.

Privately retained documentation includes a processed-data schema and a structured source-dataset datasheet. Fol-
lowing the Datasheets for Datasets framework [11], the datasheet documents motivation, composition, collection,
labeling, intended and out-of-scope uses, and distribution.The key analytical fields are the 13 coded variables (11 proof-
evidence types, recurring monitoring, and physical-world action), Proof Burden Score (PBS), the coder-recorded score
components, the content-eligibility decision and structured exclusion reason, rule-signal provenance, proof-signal
source, and the legacy keyword_only_flag for title/description action-phrase-only rule signals.

3 Human Coding and Label Provenance

All 981 returned rows carry final human-coded labels from the full protocol recode promoted on 2026-08-10. That re-
code, not the original June 2026 audit, is the source of every label, score, and label-based result in the paper and this
supplement; the original audit is retained as a superseded first round and is summarized at the end of this section. Two
newly recruited coders, working independently, coded every row under the version-11 codebook, whose criteria were
operationalized through a pilot that itself surfaced the original codebook’s missing definitions (several flagged by the
coders). The codebook was frozen at version 11 before coding; the only later revision (version 12) adds the phone-only
base-tier policy described in Proof Burden Score: Computation Detail. The recode packets supplied the complete list-
ing context—title, description, requirements, required skills, application-stage link fields, completion/evidence criteria,
start instructions, and evidence types, with category and status as context—that the first round’s packets had partly
omitted. Price, application count, and requester identity were not to determine a proof label, and the codebook required
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a completion-linked role rather than a keyword alone; for example, location metadata did not itself establish location
proof.

The coders and the third adjudicator accessed raw listing text only under a restricted, local-only protocol, and raw
packets were never shared or committed. Coders were blinded to the rule-based labels and to the superseded first-round
labels, so their judgments were not anchored to the automated extraction or to the earlier study coding. This blinding
applies to rule and prior-study outputs, not to the general study aim. The author additionally asked both coders in
writing not to use any LLM or AI assistance under any condition in this project, and both confirmed by reply before
coding. That prohibition was delivered in a covering message rather than in the instruction documents themselves;
the delivered instruction files therefore differ from the packet-bound instrument versions by one removed clause, a
deliberate deviation preserved in a private instrument-deviation record, and the delivered prohibition is broader than
the removed clause, not weaker.

Recruitment and compensation. The two recode coders and the blinded adjudicator were doctoral students re-
cruited on Upwork under preset screening filters: based in the United States; English listed as native or bilingual;
available at the time of hiring; Top Rated Plus status (Upwork’s tier for freelancers with a sustained record of highly
rated work, chosen to select for careful attention to requirements); and independent freelancers rather than agencies.
We set no time limit on the coding and the coders used that latitude, so we imposed no incentive to trade care for
speed; we paid an average of $37 per hour across the three. Hours were billed through Upwork’s hourly time tracking
with manual time entry disabled; the platform records periodic screenshots during billed time, all three were informed
in advance that we would review those records, and we reviewed all of them. We note the reflexivity: this billing ar-
rangement is itself an instance of the workplace monitoring this paper studies. We cite the record only for what it can
support: it indicates the hired freelancers performed the coding and adjudication personally, and it is consistent with
their written confirmations that no LLM or AI assistance was used.

The recode also applied the internal plan’s content-eligibility screen row by row. Each coder recorded a structured
eligibility decision and exclusion reason for every row, with disagreement or uncertainty routed to adjudication. Af-
ter adjudication, 779 listings are content-eligible bounty/task listings and form the primary population; 202 returned
records are excluded as service-offer listings (117), records requesting no human action (61), or promotional posts (24;
coded advertisement). Proof labels were still coded on excluded rows, so all-returned quantities are labeled sensitivi-
ties computed from the same coding exercise rather than a separate protocol. A coder-facing ethical retention criterion
allowed either coder to request that a row be withheld; no exclusion resulted.

The instructions used context to decide whether a requirement was completion-linked, not to judge how much
burden it added. They supplied no field, weight, or decision rule for the portion of a requirement that is incremental
to the task a worker had already accepted, and they defined the score as exposure burden rather than task difficulty or
pay. The consequence is that identical labels and identical points can describe very different lived demands. Traveling
to a place solely to produce location or photo proof for work that is otherwise remote, and filming a summit that a
worker was already hiking to, are both coded as physical-world action together with photo or video proof, and both
receive the same rubric points. PBS ranks advertised exposure channels; it does not estimate the increment over what
the task itself already requires, and no coded field recovers that increment retrospectively. The recode worksheets do
record structured location, work-mode, recurrence, bounty-kind, submission, and review context. Those fields narrow
this gap but do not close it, because the incremental question concerns the worker’s counterfactual rather than the
amount of listing text available.
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The processed dataset retained the rule-generated provenance value for later provenance checks, but coders did
not see the rule labels while coding. Coders recorded each of the 11 proof-evidence variables, recurring monitoring,
physical-world action, the Proof Burden Score with its base-tier and modifier components, the eligibility decision,
and ambiguity/sensitivity and UNCLEAR flags. Both coders’ completed files passed row-order, identifier, schema, and
value validation checks. A blinded third adjudicator then reviewed every routed row: any coder disagreement on any
recorded field, any ambiguity/sensitivity flag, any UNCLEAR entry, any low-confidence entry, and any difference from
the superseded first-round labels all routed a row (the groups overlap). The adjudicator saw the raw listing text and
both coders’ answers but neither the rule-based labels nor the superseded study labels, and assigned final labels by
the version-11 codebook (the step-by-step procedure is in Section 10). Across all 981 returned rows, 873 were routed
and 108 carried unflagged exact two-coder consensus; within the primary population the split is 747 routed and 32
consensus (Table 4). Because a difference from the superseded labels was itself a routing trigger, routed does not mean
disputed between the two recode coders.

Pre-adjudication reliability. Across all 981 returned rows, the two recode coders recorded the same Proof Burden
Score entry for 81.8% of listings (83.0% of the 963 rows where both recorded a numeric score; Table 2), with quadratic
weighted 𝜅 = .901. Agreement was 92.2% (𝜅 = .84) on the proposed elevated threshold (score 3 or higher), 90.2%
(𝜅 = .804) on the proposed severe threshold (score 4 or higher), and 90.3% (𝜅 = .799) on the capped maximum. Table 2
gives the per-variable agreement shares and 𝜅 values; every one of the 13 coded binary variables has 𝜅 ≥ .76. Reliability
improved on twelve of the thirteen variables relative to the superseded first round and held on the thirteenth (link proof,
𝜅 = .94). Disagreements were most frequent for text proof (82 listings), recurring monitoring (62), and identity proof
(61), and rarest for screenshot, video, and photo proof (1, 7, and 13).

Choice of agreement statistic. With two fixed coders and no missing labels, Cohen’s 𝜅 (binary variables) and
quadratic-weighted 𝜅 (the ordinal score) are the conventional statistics for this design. The main alternatives make
no material difference here. Krippendorf’s 𝛼 reduces in this design, up to a small-sample factor, to Scott’s 𝜋 , which
differs from 𝜅 only through differences in the two coders’ marginal rates; those marginals are close for every variable,
and recomputing 𝜋 from the aggregate reliability file behind Table 2 changes no feature’s value by more than 0.002.
Prevalence-robust alternatives such as Gwet’s AC1 matter most when 𝜅 is depressed by rare categories; 𝜅 is conser-
vative in that direction, so the reported values understate rather than overstate raw agreement for the rarest features.
The table reports raw agreement and 𝜅 per variable; the aggregate reliability file behind it adds disagreement counts
and each coder’s positive counts, so any of these statistics can be recomputed from aggregates alone.

The weakest variables are now recurring monitoring (𝜅 = .76) and location proof (𝜅 = .79). Two of the three largest
priority groups among threshold-positive listings are anchored by identity proof (𝜅 = .83) and recurring monitoring
(𝜅 = .76), so the severe profiles still rest partly on the taxonomy’s less reliable boundaries, although far less so than
in the superseded round. The data do not establish why those boundaries remain harder: feature prevalence, listing
complexity, coder differences, and codebook boundaries are all possible contributors. The retained adjudication-note
templates identify broad boundary areas but were not systematically open-coded as causes of disagreement. Notes are
nonblank for 534 of the 873 routed rows, span 309 distinct templates, and are blank for 339 rows. We therefore report
where coders disagreed, not a complete qualitative explanation of why.

Under the promoted labels, 492 primary listings (63.2%) meet the proposed elevated threshold, 438 (56.2%) meet
the proposed severe threshold, and 372 (47.8%) are at the capped maximum of 5. The final label set differs from the
automated first-pass scores described in the Proof Extraction Rules and Rule-Signal Provenance sections on 459 of the
981 returned rows (373 of the 779 primary rows).
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Because routing was broad—including routing triggered only by a difference from the superseded labels—nearly all
final labels are adjudicator-issued: 747 of the 779 primary rows (95.9%) carry third-adjudicated labels. Essentially every
threshold-positive label is therefore adjudicator-mediated. Separately, Table 1 shows that 83.8% of severe-threshold-
positive listings have high-confidence rule-signal provenance, meaning the first-pass extractor saw a structured or
proof-specific signal rather than relying only on title/description action phrases.That provenance supports traceability,
not label correctness. Similarly, the main paper’s priority-group table reports the inter-coder 𝜅 of each group’s first-
named variable, not a reliability statistic for the compound group.

Table 1. Elevated, severe, and capped-maximum labels in the primary population, with the share backed by high-confidence rule
signals. The adjudicated and exact-consensus columns count the promoted recode’s provenance: nearly every high-scoring listing
was resolved by the blinded adjudicator, consistent with the broad routing rules; the full routed-versus-consensus split is in Table 4.

Definition Listings Adjudicated Unflagged exact-consensus High-confidence rule signal

Proposed elevated threshold (≥3) 492 473 (96.1%) 19 (3.9%) 416 (84.6%)
Proposed severe threshold (≥4) 438 423 (96.6%) 15 (3.4%) 367 (83.8%)
Capped maximum (score 5) 372 361 (97.0%) 11 (3.0%) 319 (85.8%)

Table 2. Two-coder reliability for all proof and context variables, the score, and thresholds under the promoted protocol recode,
before adjudication, on all 981 returned rows. Binary variables use Cohen’s 𝜅; the Proof Burden Score row uses quadratic weighted
𝜅 and conditions on the rows where both coders recorded a numeric score; threshold rows are binary 𝜅 at the stated cutoffs [6, 7].

Variable / threshold Agreement 𝜅
Text proof 91.6% 0.83
Link proof 97.8% 0.94
Screenshot proof 99.9% 1.00
Photo proof 98.7% 0.97
Video proof 99.3% 0.98
Identity proof 93.8% 0.83
Account proof 97.3% 0.92
Location proof 96.7% 0.79
Phone proof 98.5% 0.81
Financial proof 98.3% 0.89
Public-post proof 98.3% 0.92
Physical-world action 98.3% 0.96
Recurring monitoring 93.7% 0.76
Proof Burden Score 83.0% 0.90
Proposed elevated threshold (≥3) 92.2% 0.84
Proposed severe threshold (≥4) 90.2% 0.80
Capped maximum (score 5) 90.3% 0.80
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Table 3 distinguishes adjudication routing from disagreement about the severe threshold, over all 981 returned rows.
Among the 456 all-returned final threshold-positive rows, both coders had already met the threshold for 427, exactly
one had for 27, and both coders were below it for 2. The final rate therefore does not arise from converting a large both-
coders-below set, although the defining feature profile remains adjudicator-mediated. Restricted to the 779 primary
listings, the coders’ pre-adjudication scores classify 461 (59.2%) and 456 (58.5%) listings as severe, versus 438 (56.2%)
under the final adjudicated labels; these are the coder-level rates cited in the main paper.

Adjudicator decisions.The adjudicator’s decisions can be characterized directly (Table 4). On contested cells, the
final labels sided with coder 1 and coder 2 almost equally (55% versus 45%), so they do not simply mirror either coder;
across all adjudicated cells, the adjudicator matched both coders on 95.4%, coder 1 alone on 2.4%, coder 2 alone on
1.9%, and neither on 0.3%. The adjudicator flagged 356 rows for author review of retention or sensitivity; every one
was retained after that review, with final labels unchanged. The adjudicator’s separate confidence field is high for
788 of the 873 routed rows, medium for 70, and low for 15 (703, 37, and 7 within the primary population). This field
is the adjudicator’s ordinal self-rating of how confidently the final coding vector followed the codebook; it is not
calibrated against another adjudicator. These figures quantify, rather than remove, the single-adjudicator dependence
discussed in the main paper’s limitations. Separately, the institutional IRB determined that this public-data study was
not human-subjects research; therefore, IRB review was not required. This determination is neither IRB approval nor
an exemption.

Five rows whose only base-setting feature was adjacent to phone-only contact were initially marked UNCLEAR under
the codebook’s fail-closed phone-only rule; the three exact phone-only rows among them carry a prospectively author-
approved tier-3 base adopted on 2026-08-10 as a new policy, as described in Proof Burden Score: Computation Detail

and in the Deviations section.

Table 3. Both pre-adjudication coder classifications versus the final proposed severe-threshold classification. Counts cover all 981
listings; unrouted rows have identical coder and final classifications by construction.

Final rubric classification Both coders below Exactly one coder meets Both coders meet

Below severe threshold 453 69 3
Meets severe threshold 2 27 427
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Table 4. Adjudication routing and the adjudicator-confidence field for the 779 primary rows under the promoted recode. Routing
triggers were any coder disagreement; an ambiguity/sensitivity flag, UNCLEAR entry, or low-confidence entry from either coder; or a
difference from the superseded first-round labels.

Adjudication route or confidence field (routing over 𝑛 = 779 rows; confidence over the 747 routed) Rows Share

Recorded adjudication route/outcome
Routed to the blinded third adjudicator 747 95.9%
Exact two-coder consensus, no routing 32 4.1%

Adjudicator self-rated confidence
Self-rated high 703 94.1%
Self-rated medium 37 5.0%
Self-rated low 7 0.9%
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The superseded first round. The originally submitted paper’s labels came from a June 2026 audit: two research-
team coders, a third adjudicator, and packets that blanked most skill context and omitted an application-stage link field.
The first round’s coders were recruited on Upwork under the same screening filters and comparable pay as the recode
personnel described in Recruitment and compensation above. That round’s pre-adjudication reliability, on the same 981
returned rows, was materially lower (score exact agreement 67.9%, quadratic weighted 𝜅 = .745; severe threshold
82.4%, 𝜅 = .628; identity, location, and recurring monitoring between 𝜅 = .50 and .54), and several of its codebook
criteria were never operationally defined. The recode, coded with full context under the piloted version-11 codebook,
changed the label or score of 78% of rows and corrected two errors in the originally submitted figures: location proof
had been conflated with physical-world action (the two overlapped on 91% of the first round’s location positives; the
combined physical-or-location share moves only from 37.0% to 38.9% on the all-returned rows), and a commissioned
deliverable had been counted as completion proof (it now sets no base tier by itself, and the labels stay descriptive).
The first round’s artifacts—its label set, reliability and threshold tables, adjudication-note aggregates, and sensitivity
outputs—are preserved unchanged under legacy names as the historical record and are not renumbered or deleted.

Two first-round records still bear on how this supplement reads. First, that round designated 50 rows for calibra-
tion coding, and the retained record cannot establish whether the calibration review occurred as described or which
instruction version governed which rows; a private protocol-version map records the surviving byte-exact snapshots,
SHA-256 digests, and these limits. Throughout this section, “calibration” refers to that first-round coder-training exer-
cise, not to the statistical calibration of the sign-flip test; the 28 calibration-consensus rows cited in the main paper are
the calibration rows whose labels rested on coder consensus without a documented post-discussion recode. Table 5
preserves the first round’s key reliability quantities after excluding those 50 rows; it describes the superseded coders,
not the recode. Table 6 shows that the promoted headline results barely move when those historically designated rows
are excluded. Second, the first round’s workflow marked 250 rows with a broad internal sensitivity-or-uncertainty
flag (needs_pi_review); the name is neither an IRB designation nor evidence of exclusion. Table 7 preserves the
disclosure-reviewed aggregate of that round’s nine private note templates. The promoted dataset does not carry that
flag; the recode’s own author-review flag (356 rows, all retained) replaces it.

Table 5. Superseded first round: key two-coder reliability quantities of the original June 2026 audit after excluding its 50 designated
calibration rows. Historical record only; the operative labels and reliability are the recode’s (Table 2).

Measure 𝑛 Agreement 𝜅 Disagreements

Proof Burden Score 931 66.7% 0.736 310
Proposed elevated threshold (≥3) 931 86.6% 0.687 125
Proposed severe threshold (≥4) 931 81.6% 0.615 171
Score 5 931 84.3% 0.684 146
Identity proof 931 80.2% 0.483 184
Location proof 931 81.4% 0.517 173
Physical-world action 931 84.4% 0.635 145
Recurring monitoring 931 88.7% 0.522 105
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Table 6. Promoted-label headline results after excluding the first round’s historically designated calibration rows. The consensus
scope removes only the designated calibration rows whose promoted labels rest on unadjudicated exact coder consensus (one listing
in the primary population); the 28 calibration-consensus rows cited in the main paper are the superseded first round’s consensus-
provenance category, defined in the text above. No inferential test is reported because these exclusion scopes were not included in
the simulation-based test calibration.

Scope Listings Score 4 or 5 Agent composite Human composite

Full snapshot 779 438/779 (56.2%) 54/72 (75.0%) 374/676 (55.3%)
Exclude all 50 designated calibration rows 735 414/735 (56.3%) 52/68 (76.5%) 354/637 (55.6%)
Exclude unadjudicated calibration-consensus rows 778 437/778 (56.2%) 54/72 (75.0%) 374/675 (55.4%)

Table 7. Superseded first round: disclosure-reviewed aggregate of the nine private adjudication-note templates among that round’s
250 internally flagged rows, with that round’s severe counts. Historical record only. The first category is disjunctive—sensitive or
unresolved—and cannot identify a clean unresolved subset. No note text or row-level category mapping appears in this PDF.

Private-note category Rows Severe Agent Human Other

Sensitive or unresolved context 60 53 0 56 4
Identity/account/telecom credentials 56 54 2 51 3
Financial or crypto exposure 44 31 5 38 1
Live-animal physical-world task 22 22 5 17 0
Representation/confidential document 19 5 11 7 1
Regulated medical delivery 17 16 2 15 0
Private-home evidence 15 14 0 15 0
Security/recovery-related task 15 5 0 11 4
In-person identity/location exposure 2 2 0 2 0

4 Proof Extraction Rules

The preceding sections describe the current adjudicated labels used throughout the paper; this section and the next
document the rule-based first pass, which supplies rule-signal provenance and the rule-versus-audit comparison, not
the labels used in the substantive analyses. All rules are deterministic: exact matches on the platform’s structured
evidence-type values plus hand-written, case-insensitive regular expressions; no machine learning, embedding sim-
ilarity, or generative AI is involved. The extractor separates 11 proof-evidence variables, recurring monitoring, and
physical-world action. Proof-evidence variables are text proof, link proof, screenshot proof, photo proof, video proof,
identity proof, account proof, location proof, phone proof, financial proof, and public-post proof. Recurring monitor-
ing captures repeated checks over time. Physical-world action records whether the listing asks the worker to act in a
physical setting; it is coded separately because the action may affect exposure without itself being an artifact submitted
as proof.

This rule set distinguishes three evidence sources:

Structured evidence labels Platform-provided evidence labels, when present.
Proof-specific fields Evidence criteria, completion criteria, requirements, and start instructions.
Title/description action phrases Title or description phrases that place a proof term within 90 characters of an

action verb (submit, provide, send, share, upload, attach, show, include, confirm, verify, record, film, bring, keep,
enter, or deliver), in either order.

Category labels, required skills, location metadata, and work-mode labels are not sufficient by themselves to trigger
proof-evidence variables.This is a deliberate validity safeguard: a task can involve a camera, account, place, or payment
without requiring completion-linked evidence about that element.

Supplementary material for HCOMP 2026



Proof Burden Supplement 11

5 Rule-Signal Provenance

The generated rule-signal provenance labels are:

High At least one proof signal comes from structured evidence labels or proof-specific fields.
Medium Proof is triggered only by title/description action phrases.
None The rule-based extractor found no proof signal.

Of the 981 returned rows, 681 have high-confidence rule signals, 68 have medium-confidence rule signals, and for
232 the rule-based extractor found no proof signal. The medium-confidence rows are internally flagged by the legacy
variable name keyword_only_flag, but the flag means that the rule signal came only from title/description action
phrases rather than structured or proof-specific fields. They are not discarded because some platforms express proof
requirements only in free text; they were therefore included in the human audit.

6 Conceptual Foundations of the Taxonomy

6.1 Why Three Families, and Why They Are Coded Separately

The taxonomy separates three questions about one advertised object—the requirement a requester states as a condition
of payment: what is disclosed or produced (completion evidence), for how long the requester retains a claim on the
worker (recurring monitoring), and whether the worker must act in a physical setting (physical-world action).They are
coded separately because a listing can vary on one while the others are held fixed. A submitted photo, a weekly check-
in, and a trip to a named address are not substitutes: the first fixes a modality, the second a temporal structure, the third
a setting. Collapsing them would make a photo taken at a specified place and repeated over a week indistinguishable
from one photo taken at home. Distinctness here is a claim about what coders record, not an empirical claim that the
families are separable latent factors; we ran no dimensionality analysis, and the co-occurrence lift in Figure 1—how
often two features appear together relative to the rate expected if they were independent—is descriptive.

6.2 Relation to Privacy Constructs

Solove’s taxonomy of privacy [31] treats privacy problems as a family of distinct activities rather than one quantity.
We use that structure as a sensitizing analogy, not a one-to-one mapping. Identity or account proof can create identi-
fication risks; phone or financial proof can do so when it contains a persistent identifier. Depending on their content
and audience, photos, videos, public posts, screenshots, links, location evidence, or repeated checks can increase ac-
cessibility, reveal incidental context, or support aggregation or surveillance. The listings do not show what workers
actually submitted, who viewed it, how long it was retained, or whether it was reused. The features therefore mark
possible pathways to exposure, not observed privacy harms. Text proof remains a low-exposure reference category,
not a claim that text is harmless in every setting.

Contextual integrity [27] supplies the reason burden context is coded at all. The relevant question is not whether
information is sensitive in the abstract but whether its flow—sender, recipient, subject, information type, transmission
principle—fits the norms of the context. An advertised completion requirement fixes several of those parameters in
public text: the recipient (the requester), the information type (the artifact), and the transmission principle (submit this
in order to be paid). It does not fix retention, onward sharing, or review, which is why we describe coded features as
exposure requests rather than transfers. Contextual integrity also implies that one modality is not one thing: a photo
of a public storefront and a photo of the worker’s residence differ in flow, not in artifact type. Because listing text often
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fixes the setting without making the setting the evidence, the setting is recorded as context rather than as a further
proof-evidence type.

6.3 Relation to Surveillance and Administrative-Burden Constructs

Surveillance research motivates the temporal separation. A one-time artifact and a request for repeated verification
differ: repeated checks can extend a requester’s claim on aworker’s time or visibility.The listings do not reveal how long
such checks continue, whether they continue after another artifact is delivered, or how they are reviewed. Monitoring
experiments report reduced willingness to accept tracked work [17]; gig-sector studies report that greater algorithmic
surveillance tracks lower trust and higher privacy concern [30, 34]; worker-centered sousveillance treats observation
as a design parameter rather than a byproduct [10]; and platform-scale accounts situate task-level monitoring within
broader behavioral extraction [38]. Recurring monitoring is therefore its own variable and its own tier-4 base, not a
modifier on artifact type.

Administrative-burden research [25] supplies the closest available vocabulary for the demand side, and we use
it with an explicit mismatch. It decomposes citizen–state encounters into learning, compliance, and psychological
costs. Our coded features are advertised demands whose nearest analogue is compliance cost: documentation and
action required as a condition of receiving something. Recurrence extends that cost over time, and identity or public-
post requirements are the ones most plausibly carrying psychological cost. We measure none of the three. We do not
observe how long a worker spent, what they had to learn, or how the requirement felt; and the settings differ in ways
that matter, since a benefits applicant typically faces a monopoly provider whereas a worker can decline a listing.
We take the learning/compliance/psychological decomposition as a reminder that an advertised requirement is not a
measured cost, not as a validated instrument transported to this setting. The representative literature reviewed for this
study did not identify a prior application of administrative-burden theory to bounty-listing proof requirements. This
limited review cannot establish an exhaustive novelty claim, so we present the connection as an analogy to be tested
rather than an inherited, validated construct.

6.4 Relation to Crowd-Work Constructs

Crowd-work research explains why the unit is the requirement rather than the task or the price. Quality-control
scholarship treats verification as the requester’s problem—redundancy, gold questions, acceptance rules—and proof of
completion appears there as a design option whose cost to the worker is not the object of study [13, 14]. Earnings
research shows that listed price omits search, screening, waiting, and rejection risk [12, 33], and unclear acceptance
criteria make evaluation itself a worker risk [24]. Proof requirements may be another part of that gap: they are stated as
conditions of payment but are not separately itemized in the listed price or represented by category alone. A requester
may nevertheless have considered them when setting the price; these data cannot show whether or how. Studies
of worker disclosure show workers already trade pay against sensitivity and rejection risk [29, 37], and workflow
interventions show task design can bound sensitive input [15], which is why we code the requirement as designed
rather than the platform as a whole. Field and spatial crowdsourcing supply the physical and locational dimensions
[1, 32].

6.5 Why One Framework, and Which Choices Are Ours

The families are combined because payment can depend on several requirements at once, not because those require-
ments are interchangeable or reflect one hidden trait. PBS is therefore a formative index: its selected features define
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the total, whereas items in a reflective scale are treated as effects of an underlying trait [9]. Two consequences govern
how PBS should be read. First, internal-consistency reasoning does not apply—low correlation among features is not
evidence against the index, and high correlation is not evidence for it. Second, dropping an indicator changes the con-
struct rather than sampling it less precisely, so the ablations in Table 13 are sensitivity diagnostics on a definition, not
reliability estimates. Combination into one number remains the weakest part of the framework, and the feature labels
can be used without it.

Three elements are grounded in prior work: treating exposure as a set of distinct activities rather than one quantity
(Solove); separating setting from artifact (contextual integrity); and separating a one-time artifact from a repeated
obligation (surveillance research). By contrast, all numerical scoring rules are authorial conventions. The base-tier
ordering encodes the author’s judgment about potential reach, linkability, persistence, and recurrence. Additivity was
preferred to a maximum rule because a listing stacking several channels was judged to differ from one using a single
channel at the same tier, and equal +1 steps were preferred to weighted or multiplicative combination because no basis
existed for choosing weights. Equal increments are a simple and transparent convention for making stacking visible,
not a uniquely neutral choice or a claim that the modifiers matter equally to workers. The cap at 5 is inherited from
the historical screening rubric and keeps the score on a short communicable range; it has no external criterion and
costs information, placing 47.8% of primary listings at the ceiling, which is why uncapped diagnostics and profiles are
reported beside it. The retained materials do not document why the cutpoints fall at 3 and 4 rather than elsewhere;
retrospectively, elevated marks listings whose base is already high-tier or whose modifiers have accumulated, and
severe marks the top two attainable bands. No worker judgment, outcome, or platform policy was used to place either.
Table 8 states this choice by choice.

6.6 What This Analysis Can and Cannot Tell Us About the Taxonomy

The retained plan and codebook show that the taxonomy’s 13 variables and base tiers were fixed before human coding.
The retained historical materials do not, however, document a contemporaneous literature-to-category derivation.The
theoretical mappings above are therefore retrospective conceptual grounding, not evidence of how each category was
originally selected.There was no inductive or open-coding pass over this snapshot, and no category was added, merged,
or dropped in response to what the data contained. The analysis applies the fixed taxonomy rather than deriving it
from these listings; the following limits are structural rather than incidental.

The coding process could assign a value for every one of the 13 variables to every listing. That demonstrates exe-
cutability on this snapshot, not that every category is appropriate, valid, or exhaustive. The analysis can show how
often each feature appears and which combinations dominate the threshold-positive set. Through pre-adjudication
agreement it can show which definitions two independent coders applied more or less consistently in this exercise:
under the promoted recode, screenshot (𝜅 = 1.00), video (.98), photo (.97), physical-world action (.96), and link proof
(.94) are at or near ceiling, while recurring monitoring (.76), location (.79), and phone proof (.81) are the weakest, and
in the superseded first round the location, recurring-monitoring, and identity boundaries fell to 𝜅 = .50–.54. That
pattern is consistent with some boundaries being harder to apply, but it does not identify a cause: prevalence, listing
complexity, or differences between coders could also affect 𝜅. Some variables carrying weight in the threshold-positive
profiles are among those with comparatively lower agreement. The author-arranged co-occurrence display also shows
stronger within-group lift for a physical-world/location-adjacent group and a digital/account-linked group, but it is
not an independent discovery of those groups.
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The analysis cannot show that the categories are exhaustive. Coders assigned only from the fixed scheme and no
residual or “other” proof category was recorded, so nothing in the design could surface a proof type the codebook
omitted. It cannot establish that the three families are empirically separable dimensions: co-occurrence lift is descrip-
tive, no factor or dimensionality analysis was run, and for a formative index such an analysis would not be the right
evidence in any case. It cannot validate the tier ordering, the equal-weight modifiers, the additive form, the cap, or
the two cutpoints, none of which was estimated from anything. It cannot speak to worker-perceived burden, which
requires evidence external to the coding process [8]. And it cannot establish that the taxonomy travels: one platform,
one collection window, one nonprobability snapshot.

The appropriate next check on the taxonomy is inductive rather than confirmatory. The completed full-context
recode improved reliability but still assigned only from the fixed scheme; a coding pass that admits an open residual
category would let the data indicate what that scheme misses. The present design cannot.

7 Proof Burden Score: Computation Detail

The 0–5 rubric and the two thresholds (elevated, score 3 or higher; severe, score 4 or higher) are defined in the main
paper; this section gives the scoring guidance coders applied. Under the promoted recode, coders assigned PBS by hand
and recorded its components directly: the base tier, each modifier, the uncapped total, and the final capped score. The
analyses use the final adjudicated score as the recorded study value. “Final” does not mean externally authoritative
or construct-validated, and the score is not determined mechanically by the binary labels. This is a change from the
superseded first round, whose coders did not store components, leaving only score-informed post-hoc reconstructions.
For a listing, let the base be the highest applicable tier under Table 9, including its tier-4 combination rules; the nominal
rubric total is

PBSnominal = min(5, base + 𝑚1 + 𝑚2 + 𝑚3),
where 𝑚1 = 1 if more than one of the eleven proof-evidence types is present, 𝑚2 = 1 if the listing involves physical-
world action and carries any proof-evidence or recurring-monitoring requirement, and 𝑚3 = 1 if the listing requires
public posting or account use; each modifier contributes at most one point. Recurring monitoring counts toward the
tier-4 base and can satisfy the second conjunct of 𝑚2 when physical-world action is also present, but does not count
toward 𝑚1, which counts submitted proof-evidence types only.

The public-post/account modifier 𝑚3 applies whenever the listing requires public posting or account use, including
when public-post or account proof is also the base tier. The modifier is intentionally retained because public-facing
or account-mediated completion requirements carry an additional advertised exposure-relevant dimension beyond
the feature’s base classification. That dimension is not independently coded: the same coded feature supplies both
contributions, so 𝑚3 records a rubric judgment about double weighting rather than a separate observation. In the
coder-recorded components, 𝑚3 applies to 200 primary listings. Removing it moves 15 of the 779 primary rows below
the severe threshold. This is a sensitivity of the rubric definition, not independent evidence that the audited score or
modifier is valid. For example, a listing coded for public-post proof receives the public-post base tier because completion
is tied to a public post, and it also receives the modifier because the requirement uses a public or account-mediated
channel. The coder-recorded uncapped total base+𝑚1 +𝑚2 +𝑚3 is retained for the score-5 saturation analysis below.

Primary summaries treat PBS as ordinal; the later ordinary-least-squares (OLS) models are explicitly diagnostic
linear approximations that treat the numeric score as a predictor or an outcome.
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Applying the nominal formula to the coder-recorded base and modifiers reproduces the final adjudicated score for
all 779 primary listings, and it classifies 492 as elevated, 438 as severe, and 372 at the cap, matching the audited counts
exactly. A separate rule-based reconstruction from the binary labels alone, retained as a comparison, disagrees with
the recorded components on 218 rows, almost always by sitting higher, because it cannot see the codebook rule that a
commissioned deliverable is not itself completion proof. The verification script checks this row-level crosswalk before
manuscript compilation.

Table 8 separates conceptual motivation from evidentiary status. Where the retained historical materials do not
document an empirical rationale, the table says so; the explanations are not retrospective validation.

Table 8. Rubric design choices, motivation, and evidentiary status.

Choice Conceptual motivation Evidentiary status

Three feature families Proof-evidence features record requested artifact or attribute
modalities; recurrence records temporal persistence; physical-world
action records exposure-relevant task context. Privacy harms,
contextual integrity, surveillance, administrative-burden, and
crowd-work research are sensitizing foundations; Section 6 gives
the construct-by-construct mapping and the
theory-versus-convention split.

Candidate taxonomy fixed before human coding. Its
mapping to the cited theories is retrospective
conceptual grounding. Frequencies, reliability,
profiles, and co-occurrence describe its application
here; they do not establish exhaustiveness or distinct
latent dimensions.

Base-tier ordering Orders requirements by the author’s judgment about potential
reach, linkability, persistence, and recurrence, from minimal
acknowledgement through identity-linked or repeated
requirements.

Author heuristic, not derived from a worker ranking,
outcome criterion, or statistical model. Retained files
do not document an empirical basis for the exact tier
boundaries.

Equal +1 modifiers and
additivity

Makes stacking, physical-world coupling, and public/account use
visible in a simple screening total.

Author convention. Equal increments do not imply
equal experienced costs, and base tiers and modifiers
reuse some observations. Table 13 reports post-hoc
ablations.

Public/account modifier Treats a public or account-mediated channel as an additional
exposure-relevant aspect even when it also sets the base tier.

Intentional double weighting, not an independently
coded dimension. The same features can also make
the multiple-evidence modifier positive.

Cap at 5 Bounds the historical screening rubric. Range-limiting convention without an external
criterion. It produces a 47.8% ceiling; uncapped
component diagnostics and profiles expose the
compressed variation.

Cutpoints 3 and 4 Names elevated and severe screening bands for descriptive
summaries.

Author-defined labels, not validated clinical,
behavioral, or worker-perceived thresholds.

Contextual departures Allowed coders to apply the rubric to the listing as a whole rather
than mechanically summing binary fields.

Recode coders recorded the base tier, each modifier,
and the uncapped total directly, so components are
human-coded; the superseded first round preserved
neither components nor structured override reasons.
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Table 9. Base-severity mapping. The base score is the highest applicable tier, including the tier-4 combinations; a minimal text
acknowledgement alone yields tier 0 even though the text-proof indicator is set. Tier labels describe the requirement pattern coded
for a listing, not its unobserved submission channel.

Tier Coded variables mapped to this base severity

0 No specified proof, or a minimal text acknowledgement only.
1 Structured text submission; a private link to such a submission.
2 Screenshot proof; photo proof; or another discrete non-text artifact—an image, recording, scan,

document, or other file—submitted as evidence about the work; how it arrives (attached, up-
loaded, or linked) does not change the tier.

3 Video proof; public-post proof; account proof; location proof; financial proof; standalone phone
proof under the prospective 2026-08-10 policy (three listings).

4 Identity proof; recurring monitoring; or physical-world action paired with any of: phone proof;
public-post/account use; or location proof together with photo, video, or financial proof.

The tiering scheme is a conceptually motivated heuristic; its tier ordering and point values are not empirically
estimated (see PlannedWorker-Facing Validation). The historical rubric never assigned a base tier to standalone phone
proof; that silence was a gap in the materials rather than affirmative evidence of a policy, and the version-11 codebook
marks any phone-only case UNCLEAR rather than silently assigning a tier. In the recode, five phone-only-adjacent rows
were initially marked UNCLEAR under that fail-closed rule. The three exact phone-only rows among them carry a tier-3
base under a prospectively author-approved policy adopted on 2026-08-10; the policy is recorded as version 12 of the
codebook, is labeled a new policy rather than a recovered historical one, and is listed in the Deviations section. The
tier-4 rule for physical-world action paired with phone proof is unchanged.

Table 10. Coder-recorded base-plus-modifier points among primary listings assigned the capped maximum score. These illustrate,
rather than recover, the cap’s compression.

Uncapped points Score-5 listings Share of score 5

5 150 40.3%
6 187 50.3%
7 35 9.4%

Table 11. Proof-burden scores by public status among the 779 primary listings. Status was shown at collection; these scores were
not re-coded over time (see the ten-day follow-up section).

Public status Listings Share of all Score 4 or 5 Score 5

cancelled 404 51.9% 230 (56.9%) 200 (49.5%)
completed 146 18.7% 66 (45.2%) 57 (39.0%)
open 135 17.3% 92 (68.1%) 70 (51.9%)
assigned 74 9.5% 37 (50.0%) 33 (44.6%)
partially filled 20 2.6% 13 (65.0%) 12 (60.0%)
non-cancelled subtotal 375 48.1% 208 (55.5%) 172 (45.9%)
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Because the base tiers and modifier points are heuristic, Table 12 first reports four ordinal-score summaries and then
four feature-based alternatives. The ordinal rows distinguish the elevated threshold, severe threshold, cap, and coder-
recorded uncapped-total diagnostic above the cap; they are not alternative definitions of one quantity. The feature-set
rows ask whether the broad descriptive pattern depends on the capped rubric. Every share uses the 779 primary listings
as its denominator. The row labeled “Any of eight selected higher-exposure features” is the union of video, identity,
account, location, phone, financial, public-post, and recurring-monitoring requirements—so it includes phone proof
even though the historical rubric assigns no standalone-phone base tier, while excluding physical-world action and
photo proof. It is a named subset, not a comprehensive exposure index.

Table 12. Ordinal-score summaries and feature-set alternatives. Shares use the 779 primary listings as the denominator.

Definition Listings
Share of all
779 listings Interpretation

Proposed elevated threshold (≥3) 492 63.2% Listings assigned audited PBS 3 or higher under contextual
application of the rubric guidance.

Proposed severe threshold (≥4) 438 56.2% Listings assigned audited PBS 4 or higher; the primary
threshold used for profile summaries.

Capped maximum (score 5) 372 47.8% Listings assigned audited PBS 5; coder-recorded uncapped
totals illustrate the cap’s compression.

Score 5 with uncapped points >5 222 28.5% Listings whose coder-recorded uncapped totals exceed 5; this
illustrates, rather than recovers, cap compression.

Any of eight selected
higher-exposure features

528 67.8% Deliberately broader than tier 3: video, identity, account,
location, phone, financial, public-post, or recurring-monitoring
features; the historical rubric assigns no standalone-phone
base tier.

Public post or account use 200 25.7% A coded public-post or account-use requirement that may
create a public trace or link completion to an external account.

Identity proof, location proof,
phone proof, or financial proof

345 44.3% Coded completion-linked requirements involving personal
identity, place, telecom, or transaction information.

Physical-world action with a coded
proof-evidence feature

358 46.0% Physical-world task context paired with any coded
proof-evidence feature.

Table 13 removes each equal-weight modifier in turn. Every row conditions on the recorded base; it tests the overlap-
ping heuristic point assignments, not how coders would have rescored the listings.The final row also treats public-post
and account proof as one family for the multiple-evidence modifier while omitting their separate public/account mod-
ifier. These are sensitivity diagnostics on the rubric definition rather than alternative labels.

To make the high-score set interpretable, the main paper reports mutually exclusive, priority-assigned summary
groups for score-4 and score-5 listings. These are order-dependent summaries, not discovered clusters. The first five
priorities are identity-linked proof, recurring monitoring, public-post plus account use, location plus financial proof,
and physical-world action plus proof. If none applies, assignment proceeds through video, public-post, account, finan-
cial, and location proof, followed by other stacked lower-tier proof reaching the severe threshold. Counts are displayed
only after this assignment. The priority order is an author choice, set before any group counts were tabulated: it starts
from the most person-linked exposure (identity), continues through ongoing and compound exposures, and ends with
single evidence types, so each listing is summarized by its most exposure-laden qualifying feature. The non-exclusive
overlap table below shows the same listings without any ordering. “Physical-world action plus proof” requires physical-
world action together with photo, video, location, financial, public-post, or account proof, after higher-priority groups
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Table 13. Threshold and cap counts under modifier ablations. All variants use the 779 primary listings and the coder-recorded base;
no row is an independently coded score.

Ablation variant Score ≥3 Score ≥4 Score 5 Interpretation

Full nominal crosswalk 492 438 372 Coder-recorded base plus all three author-defined modifiers.
Omit multiple-evidence modifier
(m1)

459 394 255 Removes the equal +1 increment for more than one
proof-evidence type.

Omit physical-with-proof modifier
(m2)

466 417 280 Removes the equal +1 increment for physical-world action
paired with proof or monitoring.

Omit public/account modifier (m3) 484 423 350 Removes the equal +1 increment for public posting or account
use.

Base tier only 404 310 0 Removes all three additive modifiers; the cap is then
unreachable.

Collapse public/account family and
omit m3

484 423 350 Counts public-post and account proof once for m1 and removes
their separate m3 increment.

have been assigned. To avoid duplicating themain paper’s priority-group table here, the supplement instead reports the
non-exclusive completion-evidence, recurring-monitoring, and physical-world-action feature overlap among severe-
threshold-positive listings, which complements the mutually exclusive groups by showing how often each feature
appears across the score-4 and score-5 set. The 438 threshold-positive rows span 154 exact 13-feature profiles; 77 occur
once, and the ten most common cover only 155 (35.4%). This heterogeneity is another reason not to treat one capped
score as a complete disclosure.

Table 14. Non-exclusive completion-evidence, recurring-monitoring, and physical-world-action feature overlap among threshold-
positive score-4 and score-5 listings. The final column, “Full-snapshot count”, counts listings carrying the feature among all 779
primary listings, threshold-positive or not. This complements the priority-assigned group table in the main paper.

Feature Kind Threshold-positive count Within-threshold share Full-snapshot count

Text proof Evidence 259 59.1% 450
Physical-world action Context 243 55.5% 378
Photo proof Evidence 203 46.3% 289
Identity proof Evidence 199 45.4% 241
Account proof Evidence 160 36.5% 190
Recurring monitoring Verification 151 34.5% 151
Video proof Evidence 142 32.4% 207
Link proof Evidence 131 29.9% 231
Screenshot proof Evidence 130 29.7% 158
Public-post proof Evidence 98 22.4% 123
Financial proof Evidence 76 17.4% 80
Location proof Evidence 65 14.8% 83
Phone proof Evidence 42 9.6% 43

8 Paraphrased Listing Patterns

Table 15 gives redacted paraphrases of observed rows, checked against the adjudicated labels; they are not quotations.
They illustrate potential exposure mechanisms rather than realized exposure; submission channels and evidence reten-
tion are unobserved.
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Table 15. Redacted proof-burden paraphrases and potential exposure mechanisms. Parentheses report the row’s final adjudicated
Proof Burden Score, not its base tier.

Pattern (audited
score)

Paraphrase and potential exposure mechanism

Minimal text
acknowledgement
(0)

Observed row. A listing asks the worker to complete a simple task and provide only a short free-text
completion acknowledgement.
Potential mechanism. This request may add little exposure beyond ordinary completion review.

Public post plus
account proof (5)

Observed row. A listing asks the worker to promote a service publicly and submit links plus screenshots.
Potential mechanism. Public posting and screenshots could link the work to a worker account or public
reputation.

Physical-world
action plus proof
(5)

Observed row. A listing asks the worker to create in-person promotional media and submit photos plus a short
video.
Potential mechanism. The worker’s surroundings, equipment, or production setting could become visible.

Recurring
monitoring (5)

Observed row. A listing asks for recurring in-person service after an initial visit, with before/after photos and
a video walkthrough.
Potential mechanism. Repeated proof requests could create repeated observation rather than a one-time
completion signal.
Scoring note. Rows of this kind carry a recorded tier-4 base with modifiers whose uncapped total exceeds 5;
the reported score is capped at 5.

9 Status-Stratified Descriptive Check

This supplement reports a status-stratified descriptive table (Table 11) because public status is mixed andmore than half
of rows are cancelled. That table is not an outcome analysis: status is a cross-sectional public field, and the collection
does not observe task lifecycle, acceptance, work submission, rejection, payment, or disputes. It is reported only to
show that excluding cancelled rows leaves a similar severe-threshold share among the 375 non-cancelled primary
listings, of which 208 (55.5%) meet the threshold (Table 23).

10 Coding and Adjudication Procedure

The rule-based extraction is not a substitute for human coding and adjudication. The recode procedure had four stages.
First, a pilot operationalized the codebook criteria and surfaced missing definitions before full coding began. Second,
two newly recruited coders independently annotated every returned row for content eligibility, all 11 proof-evidence
variables, recurring monitoring, physical-world action, the Proof Burden Score with its recorded components, and
ambiguity/sensitivity and UNCLEAR flags. Third, the coder-results analysis identified every routing trigger: coder dis-
agreements, flags, UNCLEAR entries, low-confidence entries, and differences from the superseded first-round labels.
Fourth, the blinded third adjudicator assigned final codes for the resulting packet.

First-round packet gaps, resolved by the recode. The next three notes describe packet-construction defects in
the superseded round; the adjudicator-dependence note after them concerns the recode’s own adjudication.

Skill context. The first round’s packet builder read the public field requiredSkills, but RentAHuman publishes
required skills as skillsNeeded; the sole Human Pages object uses the former name. Thus 980 of 981 first-round
packet cells were blank even though the instructions directed coders to consult skills, and 773 RentAHuman listings
had non-empty skill text in the raw capture that those coders never saw. The recode builder reads both field names, so
the recode worksheets carried the full skill context and the promoted labels were produced under the full view.
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Application-link context.The first-round packets also omitted RentAHuman’s application-stage requiredLinks
field for 121 listings. Platform documentation defines these as applicant-supplied profile, portfolio, résumé, or custom
links rather than completion evidence [28], so their absence removed context needed to distinguish application links
from completion proof. The recode worksheets include this field, and the promoted link-proof labels were coded with
it; the first round’s link results were provisional for this reason and are superseded.

Eligibility coding.Thepreviously blank prospective eligibility packet has now been completed as part of the recode:
each coder recorded eligible_bounty_task and a structured exclusion reason for every row, with disagreement or
uncertainty routed to adjudication. Proof labels were still coded on excluded rows, so the all-returned sensitivity—
retaining every object returned by the public endpoints—can be compared with the eligibility-filtered primary analysis
throughout. The rowwise content screen does not by itself resolve the plan’s separate normalized-text duplicate rule
(see the Deviations section) or replace collection-level public-access provenance.

Adjudicator dependence. Because routing was broad, adjudication provenance is high in both RQ3 groups: 69
of 72 agent-identified listings carry a third-adjudicated label, as do 649 of the 676 eligible human-identified listings.
The agent comparison is thus heavily dependent on one adjudicator. As a cross-round check that relies on neither the
recode’s adjudicator nor its coders, we recomputed each focal gap on the outcome-specific rows where the superseded
first round’s two coders agreed before any adjudication (an all-returned scope: 72 agent-identified versus 870 human-
identified rows). Physical-world action occurs in 63.9% of 61 agent rows versus 23.7% of 742 human rows. For location
proof, the corresponding values are 54.0% of 50 versus 18.5% of 726; for photo proof, 60.6% of 66 versus 34.2% of 783;
and for recurring monitoring, 37.7% of 69 versus 6.8% of 768. The physical-world/location/monitoring composite (at
least one of physical-world action, location proof, or recurring monitoring) occurs in 62.5% of 48 agent rows versus
21.4% of 571 human rows. The denominator changes by outcome. Four of the five gaps—physical-world action, photo,
recurring monitoring, and the composite—retain the promoted direction under an entirely different pair of coders,
which is the point of the check. The location gap does not: the first round’s coders marked location far more often,
consistent with the location/physical-world conflation the recode corrected, so first-round location agreement is not
corroborating evidence. Agreement-selected rows are nonrandom, so this corroborates direction without establishing
the full-sample magnitude.

A full-sample variant of the same cross-round check holds the all-returned 72-versus-870 grouping and its 595
display-name clusters fixed, then substitutes each superseded-round coder’s complete labels for all 942 RQ3 rows.
First-round coder 1 gives a composite of 47/72 versus 345/870 (nominal cluster-score sign-flip 𝑝 = .0575). First-round
coder 2 gives 49/72 versus 328/870 (nominal cluster-score sign-flip 𝑝 = .0034). The promoted labels give 54/72 versus
377/870 on the same scope (nominal cluster-score sign-flip 𝑝 = .0010). We report physical-world action because it is
the largest positive focal gap and a composite component, and link proof because its observed gap is negative in all four
display-name scopes. A privately retained aggregate contains the complete 13-feature family. Within each first-round
coder’s family, the physical-world Benjamini–Hochberg (BH) diagnostics are .0711 for coder 1 and .0143 for coder 2;
the link-proof BH diagnostics are .0234 and .0143, respectively. These coder-vector calculations were not separately
calibrated and are used only to assess label sensitivity across instrument rounds. The composite direction persists, but
its strength and the physical-world pattern depend on the label vector. The privately retained aggregate has 28 rows:
14 outcomes (the 13 coded features plus the composite) for each of two coders. The focal values needed to interpret
this sensitivity are reported above; no row-level coder data accompany the PDF.
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Routing and adjudication steps.The step-by-step procedure was as follows:

(1) The adjudicator reviewed every row where the two recode coders disagreed on the eligibility decision or its
structured reason, any proof-evidence variable, recurring monitoring, physical-world action, or the Proof Bur-
den Score or its components.

(2) The adjudicator reviewed every row flagged as ambiguous or sensitive by either coder, every row either coder
marked UNCLEAR or coded with low confidence, and every row whose consensus differed from the superseded
first-round labels, even if the coders agreed with each other.

(3) The adjudicator filled the adjudicated eligibility decision, the 13 adjudicated binary variables (11 proof-evidence
variables, recurring monitoring, and physical-world action), and the adjudicated Proof Burden Score with its
components, without changing the completed coder files. The written instructions directed the adjudicator to
treat neither coder as automatically correct, decide each field from the raw listing text and version-11 codebook
definitions, and apply the scoring rubric to the adjudicated labels rather than average or split the two coder
scores. On contested cells the final labels sided with coder 1 and coder 2 almost equally (55% versus 45%).

(4) The adjudicator recorded brief redacted adjudication notes for boundary cases and flagged rows for author
review of retention or sensitivity (356 rows; all retained after review).

(5) The analysis recomputed descriptive tables, threshold counts, severe-threshold profiles, and diagnostic models
from the adjudicated label set.

The privately retained adjudicator-facing packet omits both the rule-based labels and the superseded first-round
labels to avoid anchoring the adjudicator to automated extraction or the earlier study coding. It contains the 873 routed
rows, with raw public listing text, both recode coders’ answers, adjudicated-label fields, disagreement indicators, and
a notes column. The packet must remain local-only and must not be committed or shared publicly.

The private workflow has two branches. One branch can regenerate stratified audit-sample packets for authorized
future pilots, but doing so requires local raw listing text that is not distributed. The full-coding branch produces aggre-
gate reliability results and a private routing packet for internal comparison. A separate step removes rule labels from
the adjudicator-facing packet, and the final build combines adjudicated rows with unflagged exact-consensus rows to
create the controlled, no-raw-text analysis dataset.

11 Model Specifications

How to read this section. A regression coefficient (𝛽) records the estimated direction and size of an association after
the listed controls; it does not establish causation. OLS denotes ordinary least squares, MLE a maximum-likelihood
estimate, and logistic models describe odds. An observation’s leverage measures how far its own outcome determines
its own fitted value; a leverage of one means the fit reproduces that observation exactly. HC3 adjusts standard errors for
unequal residual variation while still treating listings as independent; display-name-clustered standard errors instead
allow listings sharing an apparent requester name to be related. A model that does not converge has not produced a
trustworthy finite estimate. Throughout, 𝑝 < .05 is only a conventional reference threshold, and the text states when
multiplicity, clustering, or model-selection concerns make it unsuitable for inference.

The listed-price, PBS, adjusted-application, and RQ3 category-adjusted diagnostics use the collapsed-variable defi-
nitions below; the planned status model instead uses raw categories. Category controls collapse categories with fewer
than 20 rows into a low-frequency level. Requester type (used as a control in the price and adjusted application models)
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collapses values other than human and agentic_or_other—including the platform and unknown labels—into an un-

known_or_platform level. This diagnostic control uses the processed broad requester-type field; it is distinct from the
RQ3 grouping, which compares 71 RentAHuman rows carrying named agent-or-bot labels plus the Human Pages row
identified through its nested agent relation against 676 eligible human-labeled rows and excludes 31 ambiguous “other”
rows (all-returned versions use 870 human-labeled rows). Price and adjusted application models exclude nonpositive
listed prices and prices above 10,000 listed units; in this snapshot, that upper filter removes one extreme placeholder-
like USD 999,999 fixed-price listing. Because currencies and price formats are mixed, these models remain diagnostic
only.

Listed price is treated as a public listing field, not as wage or realized compensation. The snapshot mixes currencies
and fixed/hourly formats, so the model estimates are reported only as diagnostic associations. The table below gives
the measurement context for those checks.

Table 16. Listed-price measurement context by currency and price type. “Share” is each cell’s share of the 779 primary listings;
median listed price is in native listed units (a fixed total or an hourly rate, not converted across currencies); the final column is the
share meeting the proposed severe threshold within the cell.

Currency Price type Listings Share Median listed price Proposed severe threshold (score ≥4)
USD fixed 676 86.8% 25 54.6%
USD hourly 67 8.6% 35 74.6%
EUR fixed 28 3.6% 45 53.6%
EUR hourly 5 0.6% 34 60.0%
USDC fixed 2 0.3% 255 0.0%
ETH fixed 1 0.1% 3 100.0%

Reported log-price models use log(1 + listed price) after the price filters above. Application counts enter as one un-
adjusted descriptive diagnostic, three principal adjusted specifications, and seven generated sensitivity specifications;
they are not treated as a competition outcome.

Listed pricemodel.Theoutcome is log(1+listed price).The focal predictor is Proof Burden Score; in this diagnostic
numeric-score model, coefficients are reported in log points per score point. Controls are collapsed category, requester
type, price type, listed currency, and description length. Table 17 reports the complete generated family of planned
price checks and added rule-provenance diagnostics under both HC3 and display-name-clustered covariance, with HC3
shown only where it is defined. Eight of the ten designs contain a singleton currency level and hence an observation
with leverage one; because HC3 divides by (1 − ℎ𝑖𝑖)2 [22], their finite-looking software values are invalid and the
generated table masks them. This includes the planned primary HC3 test, which therefore could not be completed
as specified. In that 𝑛 = 778 primary filtered sample, the coefficient is .0886 log points in log(1 + listed price) per
score point. Exponentiation describes 1 + listed price, not listed price itself. With covariance clustered by a hash of
each lowercased, trimmed public display name, the point estimate is unchanged but its 95% interval is [−.0044, .1815]
log points and includes zero (𝑝 = .062; 468 clusters). This finite clustered contrast conditions on the sparse currency
controls and is only a diagnostic. Among the ten clustered specifications, four are nominally below .05 (the binary
elevated and severe scores, the keyword-screen exclusion, and the one-per-signature subset, 𝑝 = .026–.046), but no
specification survives the within-family BH transformation (smallest 𝑞 = .088 across the ten), the fixed-only and
hourly-only subsets are null (𝑝 = .056 and .769; 𝑛 = 706 and 72), and the primary ordinal specification itself is not
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below .05. The nominal crossings therefore do not support a compensation claim, and the association is treated as
diagnostic and non-robust.

Table 17. Complete generated listed-price sensitivity family, combining planned checks with added rule-provenance diagnostics.
Coefficients are on the log(1 + listed price) scale. “Clustered” uses public display-name clusters. The BH transformation across the
ten clustered 𝑝 values is reported in the text.

Score/sample definition Coefficient HC3 𝑝 (if defined) Clustered 𝑝 Clustered 95% CI 𝑁
Ordinal score; primary filtered sample +0.089 – 0.062 [-0.004, +0.182] 778
Binary elevated score (3–5) +0.404 – 0.026 [+0.049, +0.758] 778
Binary severe score (4–5) +0.339 – 0.044 [+0.008, +0.670] 778
Ordinal score; fixed-price listings only +0.098 – 0.056 [-0.003, +0.199] 706
Ordinal score; hourly listings only -0.031 0.820 0.769 [-0.241, +0.178] 72
Ordinal score; excluding unknown/platform requester
controls

+0.082 – 0.109 [-0.018, +0.183] 707

Ordinal score; excluding keyword-screen risk flags +0.099 – 0.044 [+0.002, +0.195] 745
Ordinal score; excluding title/description-only rule
signals

+0.086 0.036 0.085 [-0.012, +0.185] 711

Ordinal score; high-confidence rule-signal rows +0.104 – 0.056 [-0.002, +0.211] 598
Ordinal score; one row per exact
title/category/price/currency signature

+0.094 – 0.046 [+0.002, +0.187] 738

Applications/competition models. RentAHuman detail records omit the list-only applicationCount and spot-
sAvailable fields. The internal builder therefore joins those fields from the corresponding list record by platform
identifier and leaves genuinely unobserved values missing; substituting zero and one would collapse the observed
variation. The controlled processed data and internal model outputs implement this rule. The processed row does not
retain a second timestamp or URL hash for the list response, so it cannot quantify list/detail timing drift independently
of the withheld raw manifests.

Among the returned rows, 464 of 981 listings (47.3%) show at least one visible application. RentAHuman listings
carry 66,984 visible applications in total (median 0, third quartile 13, maximum 8,919), and 257 listings advertise more
than one spot; these are collection-time platform-metadata facts and span the full returned snapshot. We report these
fields descriptively rather than treating visible application count as a competition outcome.

The unadjusted diagnostic regresses log(1 + applications) on Proof Burden Score over the 778 primary RentAHu-
man rows. It gives 𝛽 = −0.153 per score point (display-name-cluster-robust 95% CI [−0.259, −0.047], 𝑝 = .005, 468
clusters). This is an unadjusted association in a nonprobability snapshot; it conditions on nothing and is not treated as
a competition finding.

The adjusted applications-per-spot specification (the main paper’s applications per position) is Model 2 in the inter-
nal plan and generated model record. It regresses log(1 + applications/available spots) on score, log listed price, col-
lapsed category, requester type, price type, and log(available spots); rows require positive available spots.The privately
retained generated output contains both HC3 and clustered inference for all specifications. The planned coefficient
is −0.112 (HC3 𝑝 = .003; display-name-clustered 𝑝 = .021). Adding observed listing age—created_at_age_days,
complete for all returned rows and named as a robustness check in the internal plan—attenuates it to −0.045 (HC3
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𝑝 = .214; display-name-clustered 𝑝 = .329). Listed prices are in four native units. Adding currency indicators to the
age-adjusted specification shifts the intercepts while retaining one log-price slope across incomparable units; the co-
efficient is −0.048 (display-name-clustered 𝑝 = .271). Its HC3 covariance is undefined because at least one currency
control contains an observation with leverage one; the generated model record therefore masks that HC3 interval and
𝑝 value. Clustered 𝑝 values throughout use the statsmodels default cluster covariance with its small-sample correc-
tion enabled. The unadjusted diagnostic uses 778 primary RentAHuman rows and 468 clusters; the three adjusted OLS
models use 𝑛 = 777 and 467 clusters because the plan specifies the filtered log_price_model. Every value in this
paragraph is generated and automatically cross-checked before manuscript compilation.

The negative association therefore depends on whether listing age is controlled: the planned specification is nom-
inally below .05 under clustering, but adding age attenuates it to null, with or without currency indicators. Because
exposure time is confounded with visible application counts, the age-unadjusted crossings are not interpreted. Nothing
here supports a competition claim in either direction.

Table 18. Complete adjusted applications-per-spot OLS family. Coefficients use the score/sample definition in the first column;
“clustered” uses public display-name clusters. The one-row-per-signature check uses exact title/category/price/currency groups, not
normalized task text.

Score/sample definition Coefficient HC3 𝑝 Clustered 𝑝 𝑁
Ordinal score; planned controls -0.112 0.003 0.021 777
Ordinal score; + listing age -0.045 0.214 0.329 777
Ordinal score; + listing age and currency -0.048 – 0.271 777
Binary elevated score (3–5) -0.343 0.024 0.069 777
Binary threshold indicator (score 4–5) -0.272 0.049 0.067 777
Ordinal score; fixed-price only -0.108 0.006 0.040 705
Ordinal score; hourly only -0.274 0.085 0.052 72
Ordinal score; excluding keyword-screen risk flags -0.113 0.004 0.030 744
Ordinal score; excluding unknown/platform requesters -0.098 0.013 0.048 706
Ordinal score; one row per exact signature -0.122 0.002 0.010 737

The seven generated score/subset sensitivities in Table 18 give clustered 𝑝 values between .010 and .069; like the
planned specification, none of them controls listing age, so their nominal crossings inherit the same exposure-time
confound and are not interpreted. The exact-signature reduction retains 737 rows; it is a partial duplicate stress test,
not the plan’s normalized-text deduplication rule.

The plan also called for a count model. Counts are extremely overdispersed (empirical variance/mean about 2,301
in the primary filtered sample, far above the ratio of one a Poisson model assumes). The raw-category Poisson does
not converge, so its Pearson statistic is only an optimizer-iterate diagnostic; the empirical ratio already triggers a
count-model assessment.

The literal planned negative-binomial (NB2) model regresses application count on PBS, log listed price, raw category,
and requester type, with a log-spots offset, on 𝑛 = 778 rows (468 clusters). Although its design is full rank, no finite
MLE exists: all 11 creative rows and the sole home-services row have zero applications, so the corresponding
intercepts/contrasts can diverge. The generated model record therefore masks every raw-category coefficient, interval,
and 𝑝 value.Winsorizing—replacing counts above the stated percentile with the value at that percentile—at the planned
95th and 99th percentiles leaves those zero cells unchanged and does not repair identification.
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Two explicitly post-hoc diagnostics converge. Collapsing categories gives 𝛽 = −.319 (MLE 𝑝 < .001; clustered
𝑝 < .001; fitted overdispersion 𝛼 = 7.97). Dropping the two all-zero categories (12 rows) gives 𝛽 = −.261 (MLE
𝑝 < .001; clustered 𝑝 = .003; 𝛼 = 7.55). Both are negative and nominally below .05, but they do not turn the unestimable
planned model into a completed confirmatory test: neither controls listing age, alternative models for heavy zero
inflation were not attempted, and visible application counts combine exposure time with unobserved ranking and
promotion. No valid diagnostic supports a competition claim.

Status disposition. The plan’s named outcome literally includes assigned and partially filled listings (94 primary
positives), not completed listings. Its raw-category logit has a full-rank design but fails with a singular matrix under
separated rare-category outcome cells, and the collapsed-category version fails the same way. The historical builder
had instead broadened the named field to a non-open/non-cancelled status definition (240 positives). We retain that
result only as a post-hoc diagnostic: its collapsed-category coefficient is −0.096 (listing-level 𝑝 = .042, treating listings
as independent; display-name-clustered 𝑝 = .085, 469 clusters). None supports an allocation or lifecycle claim. Both
status definitions, formulae, design-matrix ranks, and fit dispositions are retained in the private analytical record.

Requester-type and RQ3-group diagnostics.The plan’s Model 4 uses the broad three-level requester control on
all 779 primary rows. Its preferred proportional-odds model—an ordered logit, which fits one coefficient per predic-
tor across all score cutpoints—converges. Relative to human, the clustered log-odds coefficients are −.333 for agen-
tic_or_other (95% CI [−1.495, .829], 𝑝 = .575) and +.112 for unknown_or_platform (𝑝 = .802). Diagnostic OLS
gives the same null conclusion: −.288 score points for agentic_or_other (clustered 95% CI [−1.264, .688], 𝑝 = .563)
and −.010 for unknown_or_platform (𝑝 = .975).

A separate post-hoc OLS uses the RQ3 grouping: 71 RentAHuman rows carrying named agent-or-bot labels plus the
Human Pages row identified through its nested agent relation versus 676 eligible human-labeled rows, excluding 31
ambiguous “other” rows (𝑛 = 748). Its agent-identified coefficient is −.091 score points (clustered 95% CI [−.799, .617],
𝑝 = .800; 462 clusters). All three models control collapsed category, price type, physical-world action, and the legacy
title/description-only rule-signal flag. Because physical-world action is part of PBS, this is a component-adjusted resid-
ual contrast, not an overall PBS contrast. Omitting physical-world action and the legacy rule-signal control gives
+.222 score points (clustered 95% CI [−.559, 1.002], 𝑝 = .578); with only 20 display-name clusters containing an agent-
identified listing, fixed-seed wild-cluster restricted bootstrap-𝑡 sensitivities give 𝑝 = .674 under Rademacher weights
and .670 under Webb weights, two standard choices of resampling weight distribution. Under the promoted labels,
neither the residual nor the overall-PBS specification indicates a requester-type difference in the contextual score, con-
sistent with the main paper’s null severe-rate comparison; the group difference that persists is in the feature composite,
not the score.

One severe-rate sensitivity deserves explicit statement. On the all-returned population (981 records), the unadjusted
severe-rate comparison reaches nominal significance: 58.3% (42/72) of agent-or-bot-labeled versus 45.4% (395/870) of
human-labeled records score 4 or higher (two-proportion 𝑝 = .034), and the category-pooledMantel–Haenszel interval
marginally excludes 1 ([1.03, 3.33]). The display-name cluster-based sign-flip test retains the null (𝑝 = .41), as does
every severe-rate test on the primary population (58.3% versus 55.9%; two-proportion 𝑝 = .69, sign-flip 𝑝 = .83). We
therefore report the primary-population null as the operative conclusion and this all-returned crossing as a labeled
sensitivity rather than a finding. The complete generated results are retained privately, and the values needed for this
comparison appear above.

Physical-world/location/monitoring logistic (RQ3 category adjustment). The outcome is the physical-
world/location/monitoring composite (physical-world action, location proof, or recurring monitoring); the predictor
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is the same agent-identified indicator, with collapsed-category controls (𝑛 = 748). Under the promoted labels no cate-
gory completely predicts the outcome, so the maximum-likelihood (ML) logistic converges (in the superseded round, a
fully separated category had forced its masking). The category-adjusted descriptive summary is the Mantel–Haenszel
odds ratio [23] pooled across informative category strata (Table 19), which does not rely on ML convergence: 3.9 (95%
CI 1.9–8.2, 𝑝 < .001); the converged ML fit gives a near-identical estimate. Here an informative stratum contains
both requester labels and enough outcome variation to contribute to the pooled comparison. The pooled estimate is
category-sensitive: 30 of the 72 agent-identified listings are research fieldwork and all 30 require the composite (as do
30 of the 53 eligible human research-fieldwork listings), and omitting that category moves the pooled odds ratio to 1.9
(95% CI 0.8–4.3), whose interval includes 1. The unadjusted Breslow–Day test [4] provides evidence against odds-ratio
homogeneity across the informative strata in the full primary sample (𝑝 = .044) but not once research fieldwork is
omitted (𝑝 = .53); with sparse exploratory strata this is an asymptotic diagnostic rather than a categorical verdict, so
full-sample pooling rests on a homogeneity assumption for which these data provide contrary evidence. The direction
of the contrast does not depend on that one category, but its magnitude and the strength of the evidence do: with
research fieldwork omitted, the category-adjusted evidence is no longer nominally below .05. Like the rest of RQ3, this
is exploratory and descriptive.

Table 19. Category-adjusted odds of requiring the physical-world/location/monitoring composite (physical-world action, location
proof, or recurring monitoring), agent-identified versus human-identified listings in the primary population. Both the Mantel–
Haenszel pooling and the converged ML fit are exploratory descriptive summaries, not stable common-effect estimates; see the
fieldwork sensitivity and heterogeneity test.

Estimator OR 95% CI 𝑝 𝑁
Mantel–Haenszel category pooling; listing-level inference 3.9 [1.9, 8.2] <0.001 748
ML logistic, category-adjusted; listing-level covariance 3.7 [1.8, 7.4] <0.001 748

12 Deviations from the Internal Pre-Analysis Plan

The plan was internal and not externally registered. Table 20 consolidates material changes between that plan and the
reported study; Table 21 records the disposition of the plan’s robustness checks.

Table 20. Core design deviations from the internal pre-analysis plan.

Planned item Implemented and reason Status and consequence

Requester type predicting
overall PBS.

The exact planned three-level Model 4 is now reported under
ordered-logit and OLS specifications. The paper separately adds
13 feature contrasts, a three-feature composite, a nominal
within-scope Benjamini–Hochberg (BH) transformation,
category-pooled estimation, and display-name-clustered
sensitivities because feature profiles are more interpretable than
one contextual score.

The planned model is null. The RQ3 grouping
and feature analyses are data-informed,
post-hoc, and exploratory. Reported 𝑝 values
do not adjust for selecting the three-feature
composite; confirmation requires a new
snapshot. Multiplicity, category composition,
and dependence are addressed by separate
diagnostics.

Continued on next page
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Table 20 continued.

Planned item Implemented and reason Status and consequence

Base-plus-modifier
computation with stored
coder components.

The first round did not store coder-recorded components. The
recode coders recorded the base tier, each modifier, the
uncapped total, and the final score directly, closing the gap.

Resolved by the recode. The nominal
crosswalk from the recorded components
reproduces all 779 primary scores; a label-only
rule reconstruction, kept as a comparison,
differs on 218 rows.

Deduplicate by platform
ID and normalized task
text.

Query overlaps were deduplicated by platform ID at collection.
The normalized-text duplicate rule was not applied in the
original coding; it has now been resolved retrospectively with an
earliest-posted retention rule: within each cross-row duplicate
group, the earliest-posted eligible row is kept. Primary analyses
still report the full eligible set, with the deduplicated set as a
labeled sensitivity.

Resolved retrospectively with the plan’s
normalized-text rule (lowercased,
punctuation-stripped, whitespace-collapsed
title and description): 30 duplicate groups, 42
eligible rows dropped, leaving 737 listings
with a severe share of 56.3% (less than half a
point from 56.2%). The separate exact
title/category/price/currency signature check
(68 rows in 28 groups within the primary
population; one-per-signature severe share
56.6%) is retained for the listed-price and
applications OLS families; applying both rules
together leaves 729 listings at 56.4%.

Content-eligibility screen
for human-action
bounty/task listings.

Not applied in the original coding: all unique returned objects
were processed, and no row-level eligibility decision was logged.
The recode applied the screen row by row with two-coder
eligibility fields, structured exclusion reasons, and adjudication
of disagreements.

Resolved by the recode. 779 listings are
content-eligible and form the primary
population; 202 are excluded (117 service
offers, 61 not-human-action records, 24
promotional posts). Excluded rows keep proof
labels and enter only the labeled all-returned
sensitivities.

No base tier for standalone
phone proof.

The historical rubric assigned no base tier to standalone phone
proof, and the version-11 codebook fail-closes such rows as
UNCLEAR. During the recode, five phone-only-adjacent rows
were initially UNCLEAR; the author prospectively approved a
tier-3 base for the exact phone-only case on 2026-08-10, recorded
as codebook version 12.

New prospective policy, not a recovered
historical one. It governs the three exact
phone-only rows; it does not alter any other
tier and is disclosed here rather than presented
as part of the frozen version-11 instrument.

Labels from the original
audit.

The originally submitted labels came from the first-round audit,
whose codebook left several criteria without operational
definitions. A full protocol recode (two new independent coders,
blinded third adjudicator, complete listing context, piloted
version-11 codebook) replaced every label and score and was
promoted on 2026-08-10.

Post-submission correction. 78% of rows
changed label or score. Two first-round errors
are corrected: location evidence had been
conflated with physical-world action (91%
overlap among first-round location positives),
and a commissioned deliverable had been
counted as completion proof (it now sets no
base tier by itself, and the labels stay
descriptive). First-round artifacts are
preserved under legacy names.

Continued on next page
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Table 20 continued.

Planned item Implemented and reason Status and consequence

Pay, applications, status,
and allocation as primary
outcomes.

Feature and score prevalence became primary. Listed price is the
outcome in pay diagnostics; PBS is a predictor there and in
application models, and an outcome only in requester-type
diagnostics. Applications enter descriptively with one
unadjusted diagnostic, three adjusted specifications, and the
planned raw-category negative-binomial count model; several
age-unadjusted specifications are nominally below .05, but the
age-controlled specifications are null and none is treated as
conclusive. The literal planned status model is unidentified. The
historical builder had broadened it to a non-open/non-cancelled
status definition; that post-hoc diagnostic is also inconclusive.
The original pivot cited near-zero application counts, but that
was a dataset-construction artifact, now corrected (464/981
listings show visible applications); price is mixed-format and
non-robust, and status is cross-sectional. The planned
“applicant-to-dollar” ratio is neither analyzed nor retained: the
denominator mixes four currencies, fixed totals, and hourly
rates, so it is not a comparable dollar quantity.

Post-plan outcome pivot. The paper makes no
compensation, competition, allocation, or
lifecycle claims.
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Table 21. Disposition of robustness checks in the internal pre-analysis plan.

Status Planned checks Disposition

Implemented for
listed-price models

Elevated/severe binary scores;
missing/extreme-price filters; fixed- and
hourly-price subsets; unclear-requester and
keyword-screen exclusions; one row per exact
signature.

Table 17 reports clustered inference for every generated
check and HC3 where defined; the rule-provenance rows
were added post-pivot. Eight HC3 rows are masked because
singleton currency levels create leverage-one observations.
Four clustered specifications are nominally below .05, but
none survives the within-family BH transformation
(smallest 𝑞 = .088 across the ten).

Implemented for
application models

Binary scores; fixed/hourly, requester,
keyword-screen, and exact-signature subsets;
task-age control.

Table 18 reports every OLS check; currency control was
added post hoc. Several age-unadjusted checks are
nominally below .05 when clustered, but the age-controlled
specifications are null, and the exposure-time confound is
uncontrolled elsewhere. Count-model checks are reported
separately.

Attempted for application
counts

Poisson, negative-binomial, and
95th/99th-percentile winsorization.

The raw-category likelihood has no finite MLE because two
categories have all-zero outcomes; winsorization cannot
repair it. The pipeline masks those fits and reports
collapsed-category and 12-row-exclusion diagnostics.

Implemented post hoc,
descriptively only

Alternative-score prevalence thresholds and a
no-modifier ablation.

Threshold prevalences and the base-tier-only ablation of the
coder-recorded components are reported. The latter
removes all three modifiers but is not an independently
coded alternative score and does not reproduce every
contextual judgment.

Replaced or added after
the pivot

No exact plan counterparts. Feature-set alternatives, rule-signal-confidence subsets,
non-cancelled and pre-adjudication-consensus summaries, a
nominal within-scope BH transformation, category-pooled
and display-name-clustered sensitivities, and the ten-day
reachability check were added. The follow-up is exploratory
and does not establish a lifecycle or trend.

Implemented for Models
1–4

Evidence-count-only alternative. The generated count sums the 11 final audited
proof-evidence binaries and excludes recurring monitoring,
physical-world action, and the stale stored count. It replaces
PBS as predictor in Models 1–3. Because PBS is Model 4’s
outcome, that check instead uses the count as an explicitly
labeled alternative ordered outcome.

Table 22. Generated evidence-count-only sensitivity. The predictor for Models 1–3 is the row sum of the 11 final audited proof-
evidence binaries. Model 4 instead uses that count as an explicitly labeled alternative ordered outcome, so its coefficients are
requester-type log-odds contrasts. Dashes mark inference withheld because HC3 is undefined or no finite likelihood optimum exists.

Specification Estimate HC3/MLE 𝑝 Clustered 𝑝 𝑁
Model 1: listed price (OLS) +0.066 – 0.236 778
Model 2: applications per spot (OLS) -0.096 0.017 0.087 777
Model 2: application count (NB2) – – – 778
Model 3: planned status, raw category (logit) – – – 779
Model 3: planned status, collapsed category (logit) – – – 779
Model 4 alternative outcome: agentic/other vs human -0.583 0.086 0.220 779
Model 4 alternative outcome: unknown/platform vs human -1.131 <0.001 0.058 779
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The recomputed count (Table 22) ranges from 0 to 8. The legacy stored evidence_count differs from it in 621 of 981
rows and is never used. The listed-price coefficient is +.066 (clustered 𝑝 = .236; HC3 undefined). For applications per
spot it is −.096 (HC3 𝑝 = .017; clustered 𝑝 = .087), so the association that crosses .05 when each listing is treated as an
independent observation does not survive display-name clustering. The application-count NB2 with its planned log-
spots offset remains unidentified because the same two raw categories have all-zero outcomes.The planned status logit
remains unidentified under both raw and collapsed categories. Both Model 4 alternative-outcome contrasts are null
when clustered (𝑝 = .220 and .058). The top count level contains a single row, so the ordered-outcome fit is a sparse-tail
diagnostic, not validation of ordinal spacing. These checks do not change the paper’s diagnostic conclusions.

13 Robustness Checks

Table 23 reports shares meeting the proposed severe threshold with 95% listing-level Wilson reference intervals that
assume independent listings [36]. For the full snapshot, this interval is 52.7–59.7%. A separate intercept-only logistic
interval clusters covariance on 468 RentAHuman display-name hashes plus one Human Pages singleton; it is 51.5–
60.9%. Exactly: the model is logit Pr(severe𝑖 = 1) = 𝛽0, fit by maximum likelihood over the 779 eligible listings, where
severe𝑖 indicates that listing 𝑖’s final Proof Burden Score is 4 or 5. The only parameter is the intercept 𝛽0; there are
no covariates. The covariance is cluster-robust with each display-name cluster as one group, and the interval is the
inverse-logit of 𝛽0 ± 1.96 cluster-robust standard errors. Neither interval addresses nonprobability coverage, temporal
variation, coding uncertainty, or construct uncertainty. The table’s “Excluding keyword-screen risk flags” row drops
listings marked by the extractor’s possible_scam_flag, a keyword screen for specified language related to fraud or
sensitive payments. It is not a human fraud determination, a coder flag, or an adjudication-workflow flag.The one-row-
per-signature row is a repeated-signature sensitivity based on title, category, exact price, and currency. It is not the
plan’s normalized-text duplicate rule, whose retrospective resolution (earliest-posted retention; 30 groups; 42 eligible
rows; severe share 56.3%) is recorded in the Deviations section.

Two rows and two flag-based exclusions in this section are preserved records of the superseded first round rather
than recode quantities. The first round’s workflow flag marked 250 of the 981 returned rows; its note-template aggre-
gate distinguishes 60 rows carrying a disjunctive “sensitive or unresolved context” template from 190 rows whose eight
templates name specified sensitive contexts. Under that round’s labels, excluding the ambiguous-template subset left
574/921 severe-threshold-positive (62.3%), close to that round’s full-sample share; those values document the super-
seded round and are not comparable with the promoted 56.2%. The promoted dataset carries no rows with that flag, so
the “internally flagged” and “excluding all internally flagged rows” entries in Table 23 are empty and identical to the
full snapshot, respectively. The corresponding recode-era stress test is the author-review flag (356 rows, all retained),
which did not change any final label.

Superseded-round flag exclusions (historical record). Under the first round’s labels, the 60-row ambiguous-
template exclusion gave a composite of 51/72 (70.8%) for agent versus 336/814 (41.3%) for human listings (display-
name-clustered OR 3.45, normal-Wald reference interval 2.23–5.34, nominal sign-flip 𝑝 = .0024). These historical
values showed that the first round’s composite direction did not depend on its flagged rows; the promoted labels
reproduce the same direction on the full primary population (54/72 agent versus 374/676 human; OR 2.42, reference
interval 1.40–4.18, sign-flip 𝑝 = .0067; identical to the full-comparison row of Table 26 because the flag exclusion is
now empty). Neither exercise resolves coding uncertainty.

Across the non-cancelled, one-per-signature, fixed-price, keyword-screen-excluded, and title/description-only-
excluded subsets, the score-4-or-5 share is 54.5–56.6%. Hourly listings are higher (73.6%, on only 72 listings, which
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Table 23. Proposed severe-threshold share by analysis subset, with 95% listing-level Wilson reference intervals. The ambiguous 60-
row note-template row and the pre-adjudication two-coder score-consensus row are preserved records of the superseded first round
(its flags, coders, and labels) and are computed on that round’s all-returned 981-record scope, so their 𝑛 can exceed the 779 primary
listings; the internally flagged rows of that round do not exist in the promoted dataset, so those two flag rows are empty and identical
to the full snapshot, respectively.

Subset 𝑛 Threshold-positive Share 95% CI

Full audited snapshot 779 438 56.2% [52.7, 59.7]
Excluding ambiguous 60-row note-template subset 921 574 62.3% [59.1, 65.4]
Internally flagged rows only 0 – – –
Excluding all internally flagged rows 779 438 56.2% [52.7, 59.7]
Non-cancelled listings 375 208 55.5% [50.4, 60.4]
One row per title/category/price/currency signature 739 418 56.6% [53.0, 60.1]
Fixed-price listings 707 385 54.5% [50.8, 58.1]
Hourly listings 72 53 73.6% [62.4, 82.4]
Excluding keyword-screen risk flags 746 412 55.2% [51.6, 58.8]
High-confidence rule-signal provenance 598 367 61.4% [57.4, 65.2]
Excluding title/description-only rule-signal rows 712 395 55.5% [51.8, 59.1]
Two-coder score-consensus subset (pre-adjudication) 666 445 66.8% [63.2, 70.3]

may reflect category mix; no category-standardized hourly analysis is reported), as is the high-confidence rule-signal
subset (61.4%), an expected selection effect because those first-pass signals came from structured or proof-specific
fields.

Primary label-based analyses use the promoted recode label set. The pre-adjudication consensus row in Table 23
uses the superseded first round’s two-coder score consensus and is retained as a cross-round record, not a recode
subset. Analyses of the labeling process—inter-coder reliability, coder-specific prevalence, and the rule-versus-audit
comparison—necessarily use coder labels or rule outputs.

Two further checks require data or labels beyond this snapshot: finer audited subtypes of the saturated score-5 set,
and platform-specific models, which we do not fit because all but one row comes from a single platform.

14 Agent-Identified Listing Profile

This section asks whether the 72 listings carrying a platform agent/bot label or relation differ from the 676 eligible
human-labeled listings (all-returned variants use 870). The comparison is exploratory: repeated listings can share an
apparent requester, only a small number of display-name clusters contain agent-identified listings, and the agent des-
ignation does not verify autonomous operation. We therefore report the observed feature shares first and then show
how the result changes when dependence, mixed-label display names, category composition, and test calibration are
considered.

14.1 Feature Diagnostics and Multiplicity Calculations

The main paper plots the observed completion-evidence, recurring-monitoring, and physical-world-action shares for
agent-identified and human-identified listings; the full table is below. “Dif” is the agent-identified share minus the
human-identified share. Its Newcombe interval, two-proportion 𝑝, and Benjamini–Hochberg (BH) 𝑞 [2, 26] are listing-
level references that ignore display-name dependence. Every calculation conditions on the current adjudicated label
vector and omits coder/adjudicator uncertainty.

Supplementary material for HCOMP 2026



32 Iman YeckehZaare

The clustered diagnostic is intended to avoid treating repeated listings under the same public display name as inde-
pendent evidence. Under a hypothetical world with no group difference, it randomly multiplies each whole cluster’s
score contribution by +1 or −1 and asks how often the resulting contrast is at least as extreme as the observed one.The
technical name used below is a fixed-denominator restricted cluster-score Rademacher sign-flip procedure. A mixed-
label display-name cluster is a hashed public display name containing both agent- and human-labeled listings. The
four scopes are the full comparison, removal of the mixed cluster with the most agent listings, removal of all mixed
clusters, and the latter removal plus exclusion of Human Pages. All 13 calculations remain defined in every scope,
although several agent-positive cells become very sparse. Table 24 reports nominal within-scope BH transformations
and joint single-step max-|𝑇 | values, a familywise adjustment that compares each feature’s statistic with the largest
standardized contrast seen across the family in resampling. Together with the listing-level BH 𝑞 values in Table 25,
these are the three multiple-testing adjustments reported for the 13 feature comparisons. Privately retained generated
outputs additionally contain the raw sign-flip and Benjamini–Yekutieli (BY) values [3]. The calibration below shows
severely inflated false-positive rates for several sparse outcomes. Consequently, none provides validated feature-level
false-discovery-rate (FDR) or familywise-error control.

Table 24. Nominal display-name-cluster sign-flip diagnostics for all 13 coded features in all four scopes. “Diff” is the agent-minus-
human share in the full sample. Each cell gives the within-scope BH transformation followed by the joint single-step max-|𝑇 | value.
These are descriptive because feature-family error control is not validated.

Feature Diff (full) Diagnostic BH 𝑞 / max-|𝑇 | 𝑝
Full Drop agent-heaviest hash Drop all mixed Drop all mixed, RentAHuman only

Physical-world action +30.3% 0.0052/0.0058 0.0234/0.0134 0.0048/0.0136 0.0013/0.0050
Photo proof +21.9% 0.3539/0.7410 0.7832/0.9969 0.8681/1.0000 0.9230/1.0000
Recurring monitoring +21.6% 0.8117/0.9998 0.5236/0.6968 0.8681/1.0000 0.9619/1.0000
Financial proof +4.4% 0.5696/1.0000 0.7832/0.9902 0.8681/1.0000 0.9230/1.0000
Phone proof -4.5% 0.4683/0.9628 0.8115/0.9999 0.9683/1.0000 0.9858/1.0000
Location proof -8.9% 0.2636/0.5148 0.5236/0.8824 0.6402/0.9896 0.7819/0.9965
Public-post proof -9.0% 0.4830/0.9894 0.9223/1.0000 0.6402/0.9698 0.7819/0.9921
Text proof -9.4% 0.4683/0.9958 0.8121/1.0000 0.8681/1.0000 0.9230/1.0000
Account proof -14.9% 0.4683/0.9623 0.8121/1.0000 0.8681/1.0000 0.9230/1.0000
Screenshot proof -16.8% 0.2622/0.4922 0.5236/0.8957 0.1488/0.3504 0.2018/0.4483
Video proof -17.9% 0.4658/0.8450 0.8115/0.9999 0.0045/0.0020 0.0056/0.0033
Identity proof -19.0% 0.4683/0.9455 0.8115/1.0000 0.6402/0.9979 0.8437/1.0000
Link proof -27.0% 0.0188/0.2150 0.0474/0.0479 0.0045/0.0013 0.0013/0.0025

14.2 Feature Results

Four raw gaps are positive: physical-world action, photo proof, recurring monitoring, and financial proof. The other
nine, including location proof, are negative; the superseded first round’s positive location gap does not survive the
recode’s separation of location evidence from physical-world action. Table 24 reports the clustered nominal diagnostics;
Table 25 reports the listing-level references. Because calibration does not support feature-family inference, we do not
classify any feature as significant.

The observed contrasts are sensitive to the mixed-label display-name structure. The mixed cluster containing the
most agent-identified listings contains 36 agent and 13 human rows; it is not the largest mixed cluster overall. Its
agent rows supply 25 positives for each of physical-world action, photo proof, and recurring monitoring, and none for
location proof. Removing the whole cluster leaves 36 agent and 663 human listings and reverses recurring monitoring.
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Removing all 7 mixed clusters leaves 20 agent and 591 human listings. Removing the auxiliary Human Pages row as
well leaves only 12 agent-containing clusters and changes the nominal physical-world BH value from .0048 to .0013.
These threshold crossings have no inferential interpretation.

Link proof and video proof both have negative observed gaps in all four scopes. They differ in the nominal within-
scope BH value: link proof’s is below .05 in all four scopes, whereas video proof’s is below .05 only in the two scopes that
remove all mixed-label display-name clusters. Their nominal BH and max-|𝑇 | values remain in Table 24; raw sign-flip
and BY values are retained privately. Unlike the superseded first round, the recode packets included the application-
stage requiredLinks context, so the link labels here distinguish application material from completion evidence as
well as the listing text allows.

The agent group is small (𝑛 = 72), and identification uses platform-provided or self-reported source labels or rela-
tions, so this is a descriptive characterization, not a verified-autonomy or platform-general claim.

Table 25. Completion-evidence, recurring-monitoring, and physical-world-action feature prevalence in agent-identified (𝑛 = 72)
versus human-identified (𝑛 = 676) eligible listings. CI, 𝑝, and BH 𝑞 are listing-level references that ignore display-name dependence
and are not used for feature-level inference.

Feature
Agent-

identified
Human-
identified Diff (pp) 95% CI 𝑝 𝑞

Physical-world action 75.0% 44.7% +30.3 [+19, +40] <0.001 <0.001
Photo proof 56.9% 35.1% +21.9 [+10, +33] <0.001 <0.001
Recurring monitoring 38.9% 17.3% +21.6 [+11, +33] <0.001 <0.001
Financial proof 13.9% 9.5% +4.4 [-2, +14] 0.232 0.232
Phone proof 1.4% 5.9% -4.5 [-7, +2] 0.109 0.128
Location proof 2.8% 11.7% -8.9 [-12, -2] 0.021 0.030
Public-post proof 8.3% 17.3% -9.0 [-14, +0] 0.051 0.066
Text proof 48.6% 58.0% -9.4 [-21, +3] 0.126 0.137
Account proof 11.1% 26.0% -14.9 [-21, -5] 0.005 0.008
Screenshot proof 5.6% 22.3% -16.8 [-21, -8] <0.001 0.002
Video proof 11.1% 29.0% -17.9 [-24, -8] 0.001 0.002
Identity proof 13.9% 32.8% -19.0 [-26, -9] <0.001 0.002
Link proof 5.6% 32.5% -27.0 [-32, -18] <0.001 <0.001

14.3 Display-Name Structure, Composite, and Calibration

Listings are the observations, but rows sharing a lowercased, trimmed public requester display namemay be dependent,
so we also cluster by its hash (Table 28). A privately retainedmapping assigns each RentAHuman listing a deterministic,
unkeyed, namespaced SHA-256 hash of its normalized display name; neither the mapping nor the hashes accompany
this PDF. These pseudonymous keys are not verified accounts or anonymous identifiers: spelling variants can split one
requester, shared names can combine requesters, and low-entropy names may be dictionary-linkable. The unmatched
Human Pages row remains a singleton.

The full comparison contains 72 agent-identified and 676 human-identified listings in 462 clusters: 461 RentAHuman
hashes plus one singleton. Within labels, these form 20 agent and 449 human hash–label cells; 7 display-name clus-
ters carry both labels. The agent-heaviest mixed-label cluster contributes 36 agent-identified and 13 human-identified
listings.
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Table 26. Post-hoc composite contrast across the four display-name scopes. “Reference interval” is a normal-Wald interval; it is
descriptive rather than a calibrated 95% confidence interval.

Scope OR Reference interval Sign-flip 𝑝
Full comparison 2.42 1.40–4.18 .0067
Remove agent-heaviest mixed cluster 3.36 1.20–9.40 .0169
Remove all mixed clusters 7.37 2.23–24.38 .0022
RentAHuman only; remove all mixed clusters 14.73 3.24–66.89 .0003

The physical-world/location/monitoring composite is a data-informed post-hoc summary added after the internal
plan; its 𝑝 values do not adjust for that selection. At listing level, it occurs in 75.0% versus 55.3%; averaging within
hash–label cells gives 81.4% versus 55.2%. Table 26 puts the four reported sensitivity scopes in one place. An OR above
1 means that the composite is more common among agent-identified listings; the sign-flip 𝑝 values are the score-
based diagnostic evaluated below.The intervals are normal-Wald references and are not asserted to have 95% coverage
because Wald calibration is poor.

The exact-signature duplicate stress tests also preserve the composite pattern: keeping one row per signature
gives 53/71 agent versus 355/644 human positives (OR 2.40, sign-flip 𝑝 = .0061; uncalibrated nominal diagnostic),
while dropping every member of a repeated-signature group gives OR 2.29 (sign-flip 𝑝 = .0097; uncalibrated nom-
inal diagnostic). The calibration study below does not cover either exact-signature scope. These tests use exact ti-
tle/category/price/currency signatures, not the plan’s normalized-text rule.

Removing the agent-heaviest mixed-label cluster reverses recurring monitoring: 3/36 (8.3%) versus 110/663 (16.6%).
Only 20 of 462 clusters contain an agent-identified listing; the agent-heaviest-removed, all-mixed-removed, and
RentAHuman-only samples contain 19, 13, and 12 treated clusters, respectively. Few treated clusters and unequal
cluster sizes are both known to degrade cluster-robust inference [20, 21], so rather than assume adequate calibration,
we evaluated the candidate procedures by simulation. The private calibration program uses a reproducible fixed seed.
The null data-generating process has no group difference and reuses the observed cluster assignment and fixed agent-
label indicator, preserving treated-cluster scarcity and size imbalance. Cluster random intercepts are normal on the
logit scale. The intercept is re-solved at every standard deviation to hold the marginal event rate at the observed value,
and each design uses a fixed, seeded set of 999 sign flips.

We do not estimate a single dependence parameter. Because most of the 462 clusters are singletons (the median clus-
ter in both groups contains one listing), a within/between moment approach considered during development depends
heavily on how singleton Bernoulli variation is handled; it was neither prospectively specified nor independently vali-
dated. We therefore sweep normal-logit random-intercept standard deviations (SDs) 0, 0.5, 1, 2, and 4. We also simulate
beta-binomial cluster probabilities at intracluster correlations (ICCs) .15 and .30, providing a non-normal dependence
sensitivity. These seven conditions include independent listings and substantial within-cluster heterogeneity, but they
do not bound every plausible data-generating process.

The calibration covers all 56 core cells: 13 features and the composite in each of four scopes. It also retains the
composite scope defined by excluding rows carrying the superseded round’s internal flag—an exclusion that is now
empty, so that scope coincides with the full comparison—plus three severe-rate scopes, for 60 designs total. Each design
uses 1,000 datasets under each of the seven dependence conditions and a fixed set of 999 sign flips.

Across the 56 core cells, sign-flip rejection rates at nominal .05 range from .035 to .415. The four composite cells
range from .037 to .077. In contrast, phone cells in the all-mixed-removed and RentAHuman-only scopes range from
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.304 to .415, financial cells in those scopes range from .181 to .311, location cells from .115 to .199, and recurring
monitoring reaches .103, as does public-post proof. Those samples retain only 19 or 20 agent listings across 12 or 13
treated clusters; under the pooled null, empty agent-positive cells are common and the Bernoulli score contributions
are strongly asymmetric. The Rademacher sign-flip approximation is therefore not uniformly calibrated for the feature
family.

The procedure draws on wild-cluster bootstrap methods and score perturbations for M-estimators [5, 16, 19] but is a
bespoke fixed-denominator restricted cluster-score Rademacher sign-flip test, not any cited procedure; the simulation
supplies design-specific evidence rather than a transferred validity theorem. Reported composite values use 9999 draws.
The feature-family shared-sign max-|𝑇 | calculation uses 99,999 draws, but no outer joint-family simulation validates it.
BY also requires valid marginal 𝑝 values. Accordingly, feature-level BH, BY, andmax-|𝑇 | values are nominal diagnostics,
not tests with demonstrated error control. Table 27 summarizes the simulation. With 1,000 datasets, Monte Carlo SE is
about .007 near .05 and at most .016.The table reports ranges for the named design families rather than every individual
grid cell; cell-level outputs are retained privately.

Table 27. Empirical rejection rates at nominal .05 across five normal-logit random-intercept SDs and two beta-binomial ICCs. Every
design preserves its observed cluster assignment and fixed agent-label indicator and targets its observed prevalence under no group
difference. “Wald all” divides rejections by all datasets; “Wald finite” conditions on successful fits, and “unavailable” reports failed
fits. Feature-family rows range over all 13 outcomes. The sign-flip column is marginal, not the joint max-|𝑇 | calculation.

Comparison Clusters (treated) Wald all Wald finite Wald unavailable Sign-flip all

Composite, full 462 (20) 0.118–0.237 0.118–0.237 0.000–0.000 0.053–0.077
Composite, drop agent-heaviest 461 (19) 0.060–0.088 0.060–0.088 0.000–0.000 0.048–0.056
Composite, drop all mixed 455 (13) 0.068–0.100 0.068–0.100 0.000–0.000 0.041–0.063
Composite, drop all mixed; RentAHuman only 454 (12) 0.065–0.103 0.065–0.103 0.000–0.001 0.037–0.061

All 13 features, full 462 (20) 0.094–0.273 0.094–0.275 0.000–0.190 0.043–0.223
All 13 features, drop agent-heaviest 461 (19) 0.029–0.096 0.030–0.096 0.000–0.279 0.035–0.288
All 13 features, drop all mixed 455 (13) 0.034–0.098 0.037–0.098 0.000–0.415 0.042–0.415
All 13 features, drop all mixed; RentAHuman only 454 (12) 0.038–0.112 0.039–0.112 0.000–0.413 0.038–0.413

Phone, drop all mixed 455 (13) 0.044–0.058 0.068–0.094 0.304–0.415 0.304–0.415
Phone, drop all mixed; RentAHuman only 454 (12) 0.048–0.064 0.072–0.102 0.329–0.413 0.330–0.413
Financial, drop all mixed 455 (13) 0.043–0.061 0.058–0.078 0.178–0.265 0.181–0.267
Financial, drop all mixed; RentAHuman only 454 (12) 0.049–0.062 0.063–0.083 0.207–0.311 0.208–0.311
Recurring monitoring, drop all mixed; RentAHuman only 454 (12) 0.038–0.057 0.040–0.059 0.026–0.091 0.060–0.103

Composite, legacy flags excluded 462 (20) 0.130–0.220 0.130–0.220 0.000–0.000 0.050–0.069
Severe rate, full 462 (20) 0.118–0.232 0.118–0.232 0.000–0.000 0.048–0.078
Severe rate, drop agent-heaviest 461 (19) 0.058–0.091 0.058–0.091 0.000–0.000 0.045–0.061
Severe rate, drop all mixed 455 (13) 0.072–0.094 0.072–0.094 0.000–0.000 0.044–0.056
1000 datasets per outcome and dependence condition. “Wald all” uses all datasets; “Wald finite” conditions on finite fits; “unavailable” is the non-finite share. Entries are
min–max over the seven dependence conditions. Every dataset yielded a sign-flip result.

The composite remains positive and is nominally below .05 in all four scopes. Its sign-flip rejection rates are near, but
not uniformly equal to, .05 on the studied grid. Its post-hoc selection remains unadjusted, and the evidence is weaker
than the Wald numbers imply.

14.4 Category-and-Cluster Diagnostics

Table 25 reports listing-level references, and the feature subsection reports nominal clustered diagnostics. Table 26 re-
ports the separately studied composite sensitivity. BH numerically transforms the 13 nominal feature values without
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established FDR control. The Mantel–Haenszel estimate (Table 19) adjusts the composite for category without clus-
tering, while the cluster-robust estimates address display-name dependence without category adjustment. A model
addressing both category composition and display-name clustering is estimable on all 748 RQ3 rows, since no category
is separated under the promoted labels. There, the category-adjusted logistic with display-name-clustered covariance
gives OR 3.7 (normal-Wald reference interval 1.8–7.5, 𝑝 = 4.25 × 10−4; 462 clusters). Omitting research fieldwork as
well gives OR 1.8 (normal-Wald reference interval 0.7–4.5, 𝑝 = .222; 443 clusters). Like the Mantel–Haenszel pooling,
both estimates are exploratory, and their reference intervals inherit the few-treated-cluster caveat above.

Table 28. Display-name-cluster structure for the full 72-versus-676 comparison (461 RentAHuman display-name hashes plus the
Human Pages singleton; 462 clusters). The 7 mixed-label display-name clusters occur in both within-label columns. Platform labels
are retained; indented rows give the stated exclusions, including the agent-heaviest cluster (36 agent- and 13 human-identified
listings).

Quantity Agent-identified Human-identified

Hash–label cells (a mixed hash appears in both columns) 20 449
Listings 72 676
Physical-world/location/monitoring composite, listing level 75.0% 55.3%
Composite, unweighted mean across hash–label cells 81.4% 55.2%

Composite OR, unadjusted for category; display-name-clustered 2.42 [1.40, 4.18]† , sign-flip 𝑝 = .0067
all mixed-label hashes removed 7.37 [2.23, 24.38]† , sign-flip 𝑝 = .0022
agent-heaviest mixed-label hash removed 3.36 [1.20, 9.40]† , sign-flip 𝑝 = .0169
all mixed-label hashes and Human Pages removed (RentAHuman only) 14.73 [3.24, 66.89]† , sign-flip 𝑝 = .0003

Severe-rate OR, unadjusted for category; display-name-clustered 1.10 [0.56, 2.19]† , sign-flip 𝑝 = .83
agent-heaviest mixed-label hash removed 0.70 [0.27, 1.84]† , sign-flip 𝑝 = .49
all mixed-label hashes removed 0.44 [0.18, 1.07]† , sign-flip 𝑝 = .15

†Brackets are normal-Wald reference intervals, not asserted 95% coverage intervals; 𝑝 values use the bespoke restricted cluster-score Rademacher
sign-flip test. No aligned interval is constructed.

15 Ten-Day Follow-Up Snapshot (No New Proof Labels)

On June 10, 2026—ten days after collection began on May 31—we reran the documented public-query protocol with
the same endpoints, status and category partitions, and politeness settings, and compared the result with the June
1 snapshot by bounty identifier (Table 29). This comparison uses only platform metadata—public reachability, status,
agent-type label, category, and creation timestamp—so it requires no new proof labels, and we make no proof-burden
claims about follow-up listings. Aggregate tables are generated by the private analysis pipeline; the follow-up raw
captures stay local, like all raw captures in this study. Because the original manifest does not identify a collector
commit, exact code identity across the two collections cannot be verified.

The comparison has three descriptive findings. First, the public query surface changed over ten days: only 476 of the
980 June 1 RentAHuman listings (48.6%) were still reachable through the same queries. The follow-up also returned
67 listings not seen in the June 1 snapshot. For this classification, we define the end of the initial collection at its
documented completion timestamp, 2026-06-01T02:32:58Z. Of the 67 first-seen listings, 23 were created after that
cutoff; the other 44 were older listings newly returned by the queries, showing that return through the sampled query
surface varies under deep pagination. Absence is therefore “no longer publicly reachable through these queries,” not
necessarily deletion.

Second, absence from the follow-up concentrates in cancelled listings: 81.9% of June 1 cancelled listings were no
longer reachable, versus 7.7% of completed ones, while only 4 of the 476 still-reachable listings changed status (0.8%).
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The cancelled share of any single snapshot therefore reflects one point in a changing public query surface, which
reinforces the main paper’s caution against reading status shares as a task lifecycle.

Third, newly created agent-identified listings were rare: just 1 of the 23 newly created listings (4.3%) carries an agent
label; 18 carry a human label and 4 carry an ambiguous “other” label. Agent-identified June 1 listings also remained
reachable at a higher rate (69 of 71, 97.2%) than human-identified listings (376 of 870, 43.2%). The 97.2% agent-identified
reachability rate exceeds a 70.4% status-composition benchmark, obtained by applying the full June 1 RentAHuman
sample’s status-specific reachability rates to the agent-identified group’s status distribution. This is a short-window
reachability check; it does not establish growth in new agent-identified requester activity or a temporal trend. The
snapshot’s 7.3% (72/981) agent-identified share spans all 981 rows, including Human Pages; the newly created and
reachability comparisons here use RentAHuman rows only.

Table 29. June 1 versus June 10 RentAHuman public snapshots, matched on bounty identifier. The comparison uses no new human-
coded proof labels, only platform metadata and platform-provided status and agent-type labels; “absent” means no longer reachable
through the same public queries.

Quantity Value

June 1 snapshot listings 980
June 10 follow-up listings 543
June 1 listings still returned 476 (48.6%)
June 1 listings absent from follow-up 504
Still-reachable listings with a status change 4 (0.8%)
First seen in follow-up 67

created after collection completed 23
older but newly reachable 44

Agent-identified share among June 1 listings 7.2%
Agent-identified share among all June 10 follow-up listings 13.1%
Agent-identified share among newly created listings 4.3%

newly created agent-identified / human / other 1 / 18 / 4

Still reachable: agent-identified listings 69 of 71 (97.2%)
Still reachable: human-identified listings 376 of 870 (43.2%)
Agent-identified reachability expected from status-specific rates 70.4%

Because reachability is not a task-lifecycle state, this is only a descriptivemetadata check. Every June 1 RentAHuman
listing carries a follow-up indicator built only from platform metadata—whether it remained publicly reachable on
June 10—so proof burden and early public reachability can be compared descriptively (Table 30). The indicator-to-
listing mapping and the raw June 1 and June 10 captures are retained privately and do not accompany this PDF.
The aggregate results needed to interpret the check are reported below, but an outside reader cannot independently
rebuild the indicator from the PDF alone. The status-stratified percentages in Table 30 predate the promoted recode
and classify listings by the superseded first round’s severe indicator; they are retained as that round’s record and
were not regenerated, so they should be read as a superseded-label diagnostic. Under that classification, cancelled
listings had nearly identical observed reachability shares by severe-threshold group (18.0% versus 18.2%), and among
non-cancelled status strata, point estimates were lower for severe-threshold-positive listings—76.9% versus 98.0% still
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reachable among assigned listings, and 69.4% versus 86.5% among open listings—but some strata are too small for
a stable comparison (the non-severe partially filled cell holds three listings). The logistic model—fit in the same pre-
recode run, so its severe-threshold indicator is likewise the superseded round’s—uses reachability as the outcome and
the proposed severe-threshold indicator as the predictor, adjusts for status and an agent-label indicator, and applies
RQ3’s label inclusion rulewithin RentAHuman: 941 named-agent/bot or human-labeled listings, with the 39 ambiguous
“other” rows excluded.The point estimate for threshold-positive listings is lower (OR 0.60, 95% CI 0.41–0.89, 𝑝 = .0098).
Clustering covariance by 594 public display-name hashes leaves the OR unchanged but widens its 95% CI to 0.30–1.19,
which includes 1 (𝑝 = .145). Among human-identified listings alone, a status-adjusted model—recomputed under the
promoted labels on the 676 eligible human-labeled listings—gives a similar OR 0.79 (unclustered 𝑝 = .250; display-
name-cluster-robust 𝑝 = .48). We read these as lower descriptive point estimates, not evidence of a stable association
or mechanism: absence can reflect filling, withdrawal, hiding, moderation, or query-surface variation.

Ten days on, the auxiliary platforms were unchanged: Human Pages still exposed a single public listing and the
GoHireHumans endpoint still returned no jobs, so the follow-up remains centered on RentAHuman.

Table 30. Early public reachability by proposed severe-threshold status, within June 1 listing-status strata (all 980 RentAHuman
listings). The stratified percentages classify listings by the superseded first round’s severe indicator and are retained as that round’s
record. The logistic rows use the 941 named-agent/bot or human-labeled listings, excluding 39 ambiguous “other” rows; reachability is
the outcome and the severe-threshold indicator is the predictor, with status and agent-label adjustment. Descriptive; “still reachable”
means returned on June 10 through the same public queries.

Status
Severe (≥4)

% returned June 10
Non-severe

% returned June 10

open 69.4% (n=108) 86.5% (n=37)
assigned 76.9% (n=52) 98.0% (n=50)
partially filled 76.5% (n=17) 100.0% (n=3)
completed 90.6% (n=106) 94.7% (n=76)
cancelled 18.0% (n=344) 18.2% (n=187)

Agent/human-label logit; severe predictor OR 0.60, 95% CI [0.41, 0.89], 𝑝 = .0098
same model; display-name clustered OR 0.60, 95% CI [0.30, 1.19], 𝑝 = .145

16 Proof and Context Feature Co-occurrence

Figure 1 reports pairwise co-occurrence lift: how often two features appear together compared with the frequency
expected under independence. Formally, lift is the observed joint prevalence divided by the product of the two features’
individual prevalences, so a value above 1 means a pair co-occurs more than this independence baseline. This is a
descriptive view, not a formal clustering or permutation test. The author ordered rows and columns to place two
theory-informed feature groups next to each other; no algorithm discovered those groups.The computed lift values can
therefore describe whether the chosen grouping is consistent with the observed co-occurrences, but the visual blocks
are not independent evidence for the grouping. Individual cells involving rare features rest on few joint occurrences,
and we attach no uncertainty to them. In the author-specified physical-world/location-adjacent group are physical-
world action, location proof, recurring monitoring, photo proof, and financial proof. This is broader than the main
paper’s three-feature measure (this supplement’s physical-world/location/monitoring composite); within it, location
proof and physical-world action have lift 2.0. The author-specified digital/account-linked group includes account proof,

Supplementary material for HCOMP 2026



Proof Burden Supplement 39

public-post proof, identity proof, screenshot proof, and link proof. Account proof and public-post proof have lift 3.8,
screenshot proof and public-post proof 3.1, and identity proof and public-post proof 2.8. In this snapshot, pairs crossing
the two chosen groups usually co-occur less often than the independence baseline predicts: most cross-group cells
have lift below 1. Most of the exceptions pair recurring monitoring or financial proof with a digital/account-linked
feature and sit barely above 1; the largest is location proof×identity proof at lift 1.9. Read descriptively, these values
are consistent with one author-specified group centered on workers’ physical activity, places, or surroundings and
another centered on accounts and account-linked artifacts. Only public-post proof necessarily denotes public posting,
so we do not read the whole pattern as reputational. This descriptive view helps interpret why the threshold-group
and agent-identified comparison summaries separate physical-world/location-adjacent features from digital/account-
linked features.
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Fig. 1. Pairwise completion-evidence, recurring-monitoring, and physical-world-action feature co-occurrence lift (1 = independence
baseline; diagonal omitted). Red (>1) marks pairs that co-occur more than the baseline, blue (<1) less than the baseline. The feature
order is author-specified rather than algorithmically derived. Lift is relatively high within two author-specified regions—physical-
world/location-adjacent (upper-left) and digital/account-linked (center)—but no formal clustering test is used.

17 Intended Use and Non-Uses

At present the taxonomy and PBS form a candidate manual coding framework: a protocol applied by trained coders to
public listing text to describe what completion evidence a corpus of listings advertises. Calling it a candidate framework
emphasizes that this study tests its use on one snapshot but does not validate it as a general-purpose instrument. Three
further uses are commonly expected of such a framework, and the evidence assembled here supports none of them.

Worker-facing disclosure. The 13 feature labels and the profile summaries are plausible disclosure candidates,
but no worker has evaluated either. PBS is a screening total whose base tiers, equal-weight modifier points, cap, and
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cutpoints are author conventions rather than estimated quantities; it should not be shown to workers as a burden
rating, used to rank or filter tasks, or used to set or justify pay.

Platform moderation. Nothing here supports removal, penalty, or requester sanction. Threshold-positive listings
are not shown to be harmful: the score records advertised exposure-relevant requirements, not experienced burden or
realized harm, and the ten-day follow-up yields only an imprecise reachability contrast whose display-name-clustered
interval includes 1.

Automated extraction at scale. The rule-based first pass is not adequate on its own. Its score differs from the
promoted adjudicated score on 373 of the 779 primary rows (47.9%; 459 of all 981 returned rows). Per-feature recall
against the promoted labels, computed from the counts in the main paper’s rule-versus-audit table, ranges from 10.4%
for identity proof and 13.9% for recurring monitoring to 94.8% for link proof; precision ranges from 29.0% for location
proof and 40.8% for phone proof to 96.7% for screenshot proof. The two lowest-recall variables anchor two of the three
largest threshold-positive groups, so a rule-only pipeline would systematically miss the profiles of greatest interest
while over-flagging location and phone proof.

What the single score adds. A platform could simply publish the required proof types, and for a worker judging
one task that list is in several respects the better instrument: it is directly inspectable, imposes no ordering, and pre-
serves the 154 distinct feature profiles that PBS compresses into scores 4 and 5.The score’s value, if any, is corpus-level:
it supplies one ordinal summary for describing distributions, comparing subgroups, and entering diagnostic models,
which a 13-dimensional profile cannot do compactly. That convenience is not evidence that the ordering matches
worker-perceived burden, and the three-arm comparison described next is meant partly to test whether the score adds
anything workers can use.

18 Planned Worker-Facing Validation

The rubric’s base tiers and modifier points are a transparent heuristic, not estimates of workers’ experience. Privately
retained worker-facing planning drafts are unregistered, unpowered, and unpiloted; they are not an approved or field-
ready study and do not accompany this PDF. A central next study should compare a feature checklist, PBS, and both
together while holding the underlying task constant. In worker-neutral language and redacted examples, the current
prototypes provide four starting components: multidimensional ratings of all 13 coded variables; a balanced best–worst
exercise estimating relative utilities without a common rating scale [18]; paired vignettes; andwillingness-to-apply and
minimum-additional-pay questions. They do not yet implement that three-arm disclosure comparison.

The paired vignettes compare: an online answer plus a note with an in-person store visit plus the same note
(physical_with_proof); one photo with a photo, video, and written report (multiple_evidence); and a private
screenshot with a public post from the worker’s own account plus a submitted link (public_or_account). Only the
physical-with-proof pair approximates a single-modifier contrast: it keeps the text-acknowledgement requirement ap-
proximately fixed while adding physical-world action (𝑚2). The multiple-evidence pair changes both evidence count
and the highest base feature (photo alone versus a set that includes video), so it does not isolate 𝑚1. The public-or-
account pair changes the base feature and tier along with the 𝑚3 trigger, so it does not isolate 𝑚3. Those two pairs
must be redesigned or prospectively treated as combined contrasts. The sample size, estimands, multiplicity plan, ex-
clusions, and analysis would likewise need to be justified and locked before fielding.

The best–worst descriptions do not map one-to-one onto the PBS base tiers and modifier points: standalone phone
lacks a historical base tier, physical-world action is context, and text/link tiers depend on context. Worker judgments
could inform a prospectively specified index or sensitivity analysis, but cannot simply replace the rubric’s point values
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and recompute PBS. The design would prespecify attention, response-pattern, timing, and free-text checks and apply
exclusions before scoring; such controls matter because prior work reports nontrivial language-model use in anMTurk
text-summarization task [35]. Fielding would require prospective institutional ethics review or determination, consent
as applicable, and fair compensation. Recruitment should span workers experienced in digital and physical gig work
and collect open-ended accounts of why the same requirement may affect workers differently.

With the independent full-context recode complete, a separate extraction study should compare transparent rules
with context-aware classifiers—fine-tuned transformer encoders and prompted or instruction-tuned languagemodels—
first against the completed 981-row human annotations as a benchmark, then on later and cross-platform held-out
listings. Benchmarking against the existing annotations bounds what such a system could be credited with: they are
one team’s labels, the weakest features still sit at 𝜅 = .76–.81, and one adjudicator supplied final labels for all 873 routed
rows, so agreement with them is a reproduction check rather than evidence of construct validity. The study should
report per-feature calibration and subgroup errors, preserve an abstention option, and route uncertain, disagreement-
prone, or high-burden cases to human review, restricting any automated path to higher-agreement features such as
link, screenshot, photo, and video proof (𝜅 ≥ .94). Neither the current rules nor a future classifier should automate
worker-facing scores, ranking, payment, moderation, or enforcement without external construct and use validation.

19 Closing Interpretive Cautions

Two cautions govern this supplement. First, the labels operationalize advertised exposure-relevant completion require-
ments, not worker experience. Because the function served by each requirement was not coded, the same positive label
can refer to a submitted work product, an access channel, infrastructure needed for the task, or a condition extending
over time. Agreement and provenance do not make PBS an estimate of marginal verification burden. Worker-facing
validation remains necessary. Second, unkeyed hashes and distinctive public metadata can relink rows to live listings
that may name third parties. Raw captures therefore stay private, examples are paraphrased, row-level processed data
remain nonpublic, and any future sharing must use aggregate or appropriately minimized materials unless a separate
disclosure-control review supports more.
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