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Figure 1: The proposed automated pipeline processes human-Al interaction logs to quantify the shift of professional tasks
toward consumers. The workflow begins with data gathering (Step 1) to extract a sample of conversations, which is then
passed through a dedicated filter (Step 2) to isolate exclusively work-related interactions. These conversations are subsequently
mapped to standard O*NET professional occupations and specific occupational tasks (Step 3) based on their textual context.
Finally, the pipeline evaluates the occurrence and nature of labor transfer (Step 4), enabling a comprehensive structural and
longitudinal analysis of how Al-assisted self-service impacts different economic sectors.

Abstract

The widespread adoption of Large Language Models like ChatGPT
is driving an unprecedented transformation of the labor market,
making the quantification of these shifts essential to understand
the changing dynamics of the modern workforce. While current
research focuses heavily on workplace automation and job replace-
ment, an unexplored economic shift is the transfer of professional
work to unpaid consumers through Al-assisted self-service. In this
work, we propose an automated pipeline to formalize, map, and
measure this labor transfer. Processing a sample of ~100,000 real-
world conversations, our pipeline screens for work-related usage,
maps interactions to the O*NET database across ~19,000 occupa-
tional tasks, and categorizes labor transfer into three tiers. We
further conduct a longitudinal analysis spanning two years of user
interactions. Results show that occupations requiring higher ed-
ucation account for a large share of Al-assisted consumer labor.

Authors’ Contact Information: Gabriele Agosta, Politecnico di Torino, Torino, Italy,
gabriele.agosta@studenti.polito.it; Shayan Bagheri, Politecnico di Torino, Torino, Italy,
shayan.bagheri@studenti.polito.it; Shahrzad Shivaei, Politecnico di Torino, Torino,
Italy, shahrzad.shivaei@studenti.polito.it.

We also identify the occupations and tasks most affected by this
shift, finding that nearly 70% of the critical tasks in Computer and
Mathematical occupations are now being performed by consumers
with Al assistance.
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1 Introduction

The diffusion of Large Language Models (LLMs) like ChatGPT has
challenged traditional economic assumptions regarding labor and
automation. While early research focused on how Al impacts work-
ers by accelerating or substituting specific occupational tasks within
traditional job boundaries, a critical dimension remains unobserved:
the migration of professional tasks entirely into the hands of unpaid
consumers. Enabled by conversational Al everyday individuals are



executing specialized duties themselves, creating a massive, un-
recorded ecosystem of invisible consumer self-service labor.

Historically, technology-driven self-service was strictly bounded
by a lack of specialized training, confining consumer labor to low-
complexity administrative chores; generative Al breaks this pattern
by acting as an on-demand expert, allowing laypersons to indepen-
dently navigate high-stakes professional domains.

To formalize, map, and measure this transition, we introduce a
classification pipeline designed to map natural conversation logs
directly to formal occupational taxonomies by processing a compre-
hensive set of real-world interactions spanning a two-year horizon.
Through this approach, our work yields three primary contribu-
tions:

e We present a pipeline that reliably anchors unstructured
human-Al interaction logs to standard work taxonomies.

e We identify the preparation-level required by the tasks
performed by self-service labor.

e We examine labor transfer across different sectors, identi-
fying the most affected ones and the criticality of the tasks
being transferred.

2 Related Work

Prior economic assessments of LLMs heavily concentrate on mea-
suring workplace exposure within formal employment boundaries,
often isolating non-professional usage into a separate domain.

[Eloundou et al. 2023] analyzed ChatGPT usage and found that
roughly 80% of the U.S. workforce could see at least 10% of their
tasks affected. In particular, they distinguished between raw LLM
capabilities (affecting 15% of tasks) and the amplified impact of
LLM-powered software (affecting 47%-56% of tasks). Personal usage
was also measured, with activities such as creative writing and
information retrieval identified as the most common consumer
applications. However, the study did not explore how these personal
interactions might intersect with professional tasks.

[Handa et al. 2025] leveraged large-scale conversation logs from
Claude.ai to investigate the economic tasks executed by end-users.
Their findings revealed that LLM deployment is heavily concen-
trated in the Computer and Mathematics occupational family. Fur-
thermore, by partitioning task-level impacts into automation versus
augmentation, they observed that the vast majority of workplace in-
teractions served to augment, rather than entirely automate, formal
employment duties.

In [Frey 2026], the author argues that while historical techno-
logical waves primarily automated manual chores, generative Al
is also expanding into highly specialized domains that historically
required years of professional training. We expand upon this in-
sight by introducing a way of identifying and quantifying this
unobserved economic shift.

3 Proposed Solution

We introduce an automated classification pipeline structured into
four sequential stages designed to process, filter, and map unstruc-
tured interaction data into labor metrics (Figure 1).

The classification tasks within this pipeline use OpenATl’s gpt-5-mini

[Singh et al. 2026]. To ensure reproducibility, the model is queried
with a temperature parameter set to 0.
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3.1 Conversation Filters

We begin with WildChat-4.8M [Zhao et al. 2024], restrict the corpus
to English conversations, and draw a 7% random sample, yielding
approximately 100,000 conversations. We then apply a work-related
filter using a prompt (Appendix B) that asks whether a conversation
involves an occupational task.

3.2 Task Mapping

Conversations successfully identified as work-related are subse-
quently mapped to professional occupations and specific occupa-
tional tasks using the O*NET database [National Center for O*"NET
Development 2026]. This classification operates as a two-step hier-
archical process.

In the first step, the pipeline extracts potential professions from
the conversation context. The LLM evaluates the user prompt
against a formatted list of O*NET occupation titles, selecting the
top N most relevant professions (N = 5). In the second step, the
pipeline narrows its scope exclusively to the specific tasks associ-
ated with those five identified occupations, from which it extracts
the top N most plausible tasks (N = 5) based on the conversation’s
content.

To filter out noisy or weak mappings, we implement a consensus
filter structured as follows:

(1) Aggregation: Among the top N selected tasks, the pipeline
aggregates and counts the frequency of each underlying
parent profession assigned to a given conversation.

(2) Majority Threshold: A conversation is retained in the final
dataset if and only if an absolute majority (> 50%) of these
tasks belong to the same primary O*NET profession.

(3) Task Assignment: If the majority threshold is met, the con-
versation is definitively mapped to the highest-ranked task
belonging to that majority profession.

This hierarchical strategy effectively overcomes the limitations
of injecting the entire O*NET taxonomy into a single prompt, which
would otherwise require an impractical context window. Further-
more, by evaluating a restricted subset of candidates at each stage,
we avoid spreading the model’s attention over more than 19,000
distinct occupational tasks.

3.3 Labor Transfer

The final and core stage of our pipeline evaluates the occurrence of
labor transfer. To formalize and quantify this shift, the pipeline an-
alyzes each successfully mapped O*NET conversation, determining
the user’s implicit role and categorizing the interaction into one of
three tiers:

e LT2: Assigned when an everyday consumer utilizes the
model to execute or substantially prepare a concrete task
that is traditionally outsourced to a paid professional (e.g.,
auditing a billing error).

e LT1: Assigned when the user undertakes a fragment of
professional-like labor, but the economic stakes or circum-
stantial evidence remain low or ambiguous (e.g., basic trans-
lation or minor proofreading).

e LTO: Applied when the interaction is strictly confined to
general education, casual entertainment, or open-ended
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(b) Job Zones trends of the super-users

Figure 2: Longitudinal evolution of full labor transfer across O*NET Job Zones. Figure 2a shows the percentage distribution of
the Job Zones of the tasks assigned to the conversations of regular users. Figure 2b focuses only on the super-users, defined as
the 1% of users with the highest number of conversations. In both cases, the percentage of Job Zone 4 dominates, followed by
Job Zone 3. However, among super-users there is a slightly higher percentage of Job Zone 5, mostly at the beginning of the time
period. This means that despite the difference in the number of conversations, super-users and regular users have a similar
distribution of Job Zones.

brainstorming. This label also captures scenarios where 4 Evaluation
the user is an active professional leveraging the model for The goal of our pipeline is to determine how ChatGPT affects
domain-specific job augmentation. workers and their tasks. To ascertain whether it meets that goal,

we ask:



(1) How accurately does our pipeline identify work-related
conversations?

(2) Are the task-conversation mappings correct?

(3) Are the labor transfer labels accurate?

4.1 Metrics

To evaluate the pipeline’s robustness, we measured its performance
across our three core components. For the work-related filter (1),
we measured accuracy, True Positive Rate (TPR), and False Positive
Rate (FPR) against a manually annotated subset of 100 random
conversations. For the occupation-task mappings (2), we assessed
accuracy using the agreement rate between the human annotators
and the LLM. Finally, for the labor transfer labeling (3), we measured
classification alignment using Cohen’s kappa (k).

4.2 Setup

Datasets. To evaluate our method on realistic user-chatbot in-
teractions, we leveraged the WildChat dataset [Zhao et al. 2024].
Specifically, we utilized the WildChat-4.8M variant, a large-scale
corpus of real-world conversations between human users and Ope-
nAI models (e.g., GPT-3.5-Turbo, GPT-40, and o1) between 2023-04
and 2025-08. These interactions were collected via the platform
Hugging Face Spaces, offering free ChatGPT access to users who
voluntarily opted into anonymous data collection. This specific ver-
sion contains exclusively non-toxic conversations. From this corpus,
we sampled a subset of ~ 100, 000 English-language conversations.

To create a link between ChatGPT conversations and real-world
professional activities, we map user interactions to occupational
tasks using the O*NET database [National Center for O*NET Devel-
opment 2026]. Developed by the U.S. Department of Labor, O*NET
provides a framework that covers the entire spectrum of the U.S.
economy, tracking over 900 distinct occupations that are further
broken down into more than 19,000 unique, textually defined work
tasks. For our analysis, we extract four key dimensions from this
database:

(1) Occupations, identified through the Standard Occupational
Classification (SOC), a federal coding system used to classify
job titles.

(2) Tasks, which provide the granular textual descriptions of
job duties.

(3) Task Importance, which defines the relative significance of
each task within a given job title.

(4) Job Zones, which categorize occupations into five levels
based on the required education, experience, and on-the-
job training.

Baselines. For the work-related conversation filter (1), we adopt
a majority-class classifier that always predicts not work-related,
reflecting the dominant label in our annotated subset. For the
occupation-task mapping (2), we compare against the methodol-
ogy of [Handa et al. 2025], who apply a comparable task-mapping
approach to Claude.ai conversations. Finally, for the labor transfer
labeling (3), we adopt a random classifier as baseline and interpret
the resulting kappa score against the reference ranges of [McHugh
2012], where k > 0.80 is considered to indicate strong agreement.
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4.3 Execution

Validation. To evaluate accuracy, TPR, and FPR for (1), we drew a
random sample of 100 conversations from WildChat and manually
annotated each as work-related or not. We then ran the pipeline on
the same 100 conversations and computed the three metrics against
our annotations; the majority-class baseline accuracy was derived
from the same subset. For (2), the agreement rate was computed
between the annotators’ assignments and the pipeline’s output.
For (3), k was computed between the annotators’ labels and the
pipeline’s output; a random classifier was also evaluated on the
same annotated subset.

Analysis. Following the validation of the individual pipeline com-
ponents, we processed the 28, 338 conversations that passed both
filtering stages. For each, the pipeline generated an occupation-
task-conversation mapping and assigned a labor transfer label. We
subsequently enriched these results with ONET Job Zones and local
timestamps to perform a temporal decomposition of labor transfer
across professional levels. Furthermore, we utilized O*NET Task
Importance scores and O*NET-SOC Codes to analyze the distribution
of labor transfer and the criticality of the tasks involved, defining a
"critical" task as one falling within the 75th percentile of importance
for its respective profession.

Furthermore, to investigate the behavior of the most active par-
ticipants, we identified "super-users", defined as the 1% of users
with the highest number of conversations. While the majority of
users engage in only a single conversation (Appendix A, Figure
4), super-users interact with the model with significantly higher
frequency. We extracted these interactions to compare their usage
patterns and Job Zone distribution against the broader user base,
providing a longitudinal view of how high-intensity users evolve
their utilization of ChatGPT over time.

4.4 Results

Validation. For the work-related conversation filter (1), the model
achieved an accuracy of 0.77, a True Positive Rate (TPR) of 0.91, and
a False Positive Rate (FPR) of 0.03, substantially outperforming the
majority-class baseline accuracy of 0.50. The high TPR in particular
confirms that the filter reliably captures professional workflows
while generating very few false positives.

For the hierarchical occupation-task mappings (2), the human
evaluators’ agreement with the model’s final task assignment reached
92.31%, surpassing the 86% agreement reported by [Handa et al.
2025].

Finally, for the three-tier labor transfer labeling (3), the pipeline
achieved a Cohen’s kappa of 0.82, substantially above the random
baseline (kx = 0.06), and also exceeding the threshold for strong
agreement as defined by [McHugh 2012].

Job Zones. As displayed in Figure 2, the displacement of profes-
sional labor is not uniformly distributed across education levels;
rather, it is heavily concentrated at the upper end of the skill spec-
trum. The most prominent feature of the timeline is the absolute
dominance of Job Zone 4. Conversely, lower-preparation tiers (Job
Zones 1 and 2) are practically absent from the self-service ecosys-
tem. This indicates that consumers are not turning to generative Al
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Figure 3: Labor Transfer over O*NET-SOC Macro-Categories. Each coordinate represents an O*"NET-SOC Macro-Category; the
x-axis measures Extension - the average percentage of total occupational tasks within that category executed by consumers
via ChatGPT - while the y-axis measures Intensity - the percentage of those consumer-executed tasks that are categorized as
"critical", falling within the 75th percentile of task importance. White collar professions under categories such as "Computer &
Mathematical" and "Life, Physical, & Social Science" are the most affected. Conversely, manual domains like "Construction &

Extraction" are the least impacted.

to bypass basic, low-complexity labor; instead, they are stepping di-
rectly into the roles of highly trained knowledge workers. Notably,
early in the platform’s lifecycle, approximately 20% of tasks fell
within Job Zone 5, but this percentage steadily declined over time,
stabilizing at around 6% in the last six months. This stabilization
implies that as the technology matured, user expectations normal-
ized around a consistent, highly predictable set of core professional
activities. Furthermore, a granular temporal decomposition reveals
that this pattern stands not only across months but also through-
out the day. As shown in Figure 6 (Appendix A), the distribution
of Job Zones across different hours of the day remains consistent,
mirroring the overall macro-trends.

O*NET-SOC Codes. By analyzing the intersection of task exten-
sion and intensity within the LT2 dataset, we can identify exactly
which professional markets are experiencing active consumer hol-
lowing. As shown in Figure 3, the "Computer & Mathematical"
category exhibits both the highest extension and intensity, with

a vast portion of its critical duties being directly executed by con-
sumers. This stems from the nature of the output: because software
code is entirely digital and self-contained, a consumer can fully
realize a programming task without needing a human intermediary.
Further down, the "Legal”, "Business & Financial Operations", and
"Life, Physical, & Social Sciences" display elevated task intensity
and moderate overall extension. This pattern means that when
consumers look to bypass professionals in these domains, they
target highly critical tasks, such as drafting custom contracts or
analyzing tax liabilities. Meanwhile, manual trades in areas such as
"Construction & Extraction” position themselves at the bottom-left
of the plot, showing that physical dependencies create a hard floor
for labor transfer.

5 Limitations

First, the WildChat [Zhao et al. 2024] dataset consists of users who
opted into free ChatGPT access via Hugging Face. This population
may skew toward highly tech-literate individuals, potentially over-
representing tech-heavy domains like Computer and Mathematical



occupations. Second, our three-tier labor transfer taxonomy (LTO-
LT2) relies entirely on visible conversational context. Because we
do not observe real-world outcomes, we cannot definitively verify
if a user successfully executed a task or if they completely bypassed
a paid professional in practice.

6 Conclusion

In this work, we formalized and measured a largely unrecorded
economic shift: the transfer of specialized professional tasks to un-
paid consumers through Al-assisted self-service. By developing a
pipeline that anchors unstructured conversation logs to the O*NET
taxonomy, we analyzed the dynamics of this invisible labor ecosys-
tem across two years. Our findings show that generative Al allows
consumers to independently step into highly-skilled roles within
Job Zone 4. This is most intense in Computer and Mathematical
occupations, where 70% of the tasks can be executed directly by
consumers.
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Figure 4: Conversations per location. The plot shows the cumulative percentage distribution of conversations across different
locations. In this case, location is used to refer to an hashed IP address. The x-axis represents the number of conversations, while
the y-axis represents the percentage of users. The plot indicates that the majority of users have only one conversation, while
the top 1% of users, or super-users, have more than 5 conversations each, with some users having up to ~ 400 conversations.
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Figure 5: Share of conversations by hour of the day. The plot shows the distribution of conversations across different hours of
the day. The x-axis represents the hour of the day, while the y-axis represents the share of conversations. The plot indicates
that during night hours there are less work-related conversations, while during the day the share of conversations is higher,
with a peak around 16 pm, and decreases during lunch hours and evenings. This pattern suggests that users are more likely to
engage in work-related conversations during typical working hours.
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Figure 6: Job Zones per hour of the day. The plot shows the distribution of job zones across different hours of the day. The x-axis
represents the hour of the day, while the y-axis represents the share of conversations. The plot indicates that the distribution
of job zones is consistent throughout the day.

B Prompts

Prompt for Work-related conversation filtering

You are a classification agent determining whether a ChatGPT conversation involves a task that could plausibly occur in
a professional or work context.

## Core Principles

Does this specific conversation - given its content, framing, and the nature of what is being produced - appear to be
part of someone’s actual job, business activity, organizational responsibility, or client-facing work?

You are not asking whether the task type *could theoretically* be someone’s job. You are asking whether *this instancex

looks like work, based on what is visible in the conversation.

## Decision Procedure

1. Identify the core task: what is the user actually trying to accomplish?

2. Ask: is this the kind of task that appears on a job description, in a professional workflow, or as part of an
occupation?

3. Ask: is there any signal - in the task, the vocabulary, the framing, or the output requested - that points toward a
professional context?

4. Assign a label.

## Routing Rules

- (2) Clearly Work-Related:
- The conversation contains direct evidence that the user is carrying out a task for an employer, client, business,
organization, profession, or occupational responsibility.
- The user is producing, modifying, or analyzing a real work deliverable.
- The conversation references workplace stakeholders, customers, projects, contracts, operations, reporting,
compliance, business processes, or professional responsibilities.

- (1) Ambiguous:

- The task could plausibly occur in either a professional or personal/educational context and the conversation
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provides no signal to distinguish between them.

- (@) Clearly Not Work-Related:
- The task is personal, recreational, or social with no plausible professional equivalent: casual conversation,
personal advice, creative fiction for entertainment, hobbies, or daily life tasks.
- Generic explanations or recommendations, even on technical topics: "how does X work" and similar requests are
informational queries regardless of the domain.

Important:
- The following signals do not constitute evidence of a professional context on their own:
- The task type exists as a profession (e.g. translation) but the conversation shows no applied or deliverable framing
- The output is technically polished or detailed
- The user asks for a technical explanation
- Label 2 only if a reasonable reader would infer that the user is currently performing work for an employer, client,
business, organization, or professional practice. If that inference is not clearly supported by the conversation, do not
use 2.
- Do not use (1) merely because the task type has a professional equivalent somewhere. Almost any task could
theoretically be someone’s job. Use (1) only when there is a concrete signal in the conversation that points toward
a professional context - but not enough to be certain. If the conversation contains no such signal at all, use (0).

## Output Format
Return ONLY a valid JSON object:

{{
"reasoning": "One or two sentences identifying the core task and explaining why it does or does not fit a
professional workflow.",
"answer": 2 | 1] @

13

Prompt for Occupation Mapping

You are an expert classification assistant.

You will be provided with a conversation between an AI assistant and a user, along with a list of candidate job titles.
Your task is to identify which job titles could perform the specific task executed by the assistant in that conversation.

Consider the following list of classification options:
<options>{options_str}</options>

Your job is to identify which job title could perform the task being executed by the assistant in the

previous human-AI assistant conversation. What is the answer? You MUST provide exactly {n_options}, all written as
above. If more then {n_options} options apply, choose the most {n_options} pertinent ones. First, start off by
considering various aspects of the conversation in the scratchpad field in at most four sentences, and then provide the
final answer in the answer field. The final output must be a JSON object that uses the following format:

81
"scratchpad": "<your reasoning process in at most four sentences>",
"answer": [
"<first option>",
"<second option>",

"<your nth option>"

33
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Rules:

- The answer field is a list of exactly {n_options} from the options provided above, and they must be exactly as written
above. Do not modify the option text in any way.

- The scratchpad should contain your reasoning process, and it should be at most four sentences long.

Prompt for Occupational Task Filtering

You are an expert classification assistant.

You will be provided with a conversation between an AI assistant and a user, along with a list of candidate tasks
associated with their corresponding job titles. Your task is to identify which task is being executed by the assistant
in that conversation.

Consider the following list of classification options:
<options>{options_str}</options>

Your job is to identify which task is performed by the assistant in the previous human-Al assistant conversation.
What is the answer? You MUST provide exactly {n_options} as written above. If multiple options apply, choose

the {n_options} most pertinent ones. First, start off by considering various aspects of the conversation in the
scratchpad field in at most four sentences, and then provide the final answer in the answer field. The final output
must be a JSON object that uses the following format:

81
"scratchpad": "<your reasoning process in at most four sentences>",
"answer": [
"<first option>",
"<second option>",
"<your nth option>"
]
i3}
Rules:

- The answer field is a list of exactly {n_options} from the options provided above, and they must be exactly as written
above. Do not modify the option text in any way.

- Each entry in the answer field must contain both the profession and the task value from the options provided,
formatted as "profession: task".

- The options in the answer field should be ordered from the most to the least pertinent.

- The scratchpad should contain your reasoning process, and it should be at most four sentences long.

. J

Prompt for Labor Transfer

You are coding whether a ChatGPT conversation represents labor transfer: a shift of work from a paid worker,

professional, organization, or service provider to a user, who performs or prepares the task themselves with ChatGPT’s
assistance.

You will be given:
1. A WildChat conversation between a user and ChatGPT.

2. A matched O*NET task statement and its occupation.

## Core principles
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- Code only what is visible in the conversation. Do not speculate about future devices, integrations, or technologies.

- Do not label labor transfer merely because the matched O*NET task belongs to a paid occupation. Ask what the user is
doing in this specific conversation.

- The relevant question is whether the user is using ChatGPT to perform, substantially prepare, or substitute for a task
that could plausibly otherwise have been delegated to, or performed by, paid labor.

- Labor transfer does not require proof that this specific user would definitely have paid someone. It is enough that
the user is taking on a concrete task associated with paid professional, organizational, or service work.

- Learning, entertainment, brainstorming, general explanation, and casual advice are not labor transfer by themselves.

- When uncertain between two labels, choose the lower labor-transfer label.

## Decision procedure

1. Identify what the user is trying to accomplish in the conversation.

2. Determine the user’s role relative to the matched task. Are they a layperson/consumer handling something in their own
life, a professional doing their own job in this domain, a student, or ambiguous?

3. Evaluate task match. Does the matched O*NET task actually fit what the user is doing?

4. If the user is a layperson/consumer and the task match is good or partial, ask whether the user is using ChatGPT to
do or substantially prepare the task themselves.

5. Assign a labor-transfer label.

## Routing rules

Apply these before assigning LT1 or LT2.

- If the user appears to be a professional doing their own job in the matched O*NET domain, set
‘interaction_type‘ = "augmentation" and ‘label‘ = "LT0Q".

Example signals: domain-specific jargon used naturally, references to clients/cases/patients, workplace context,
manipulation of highly specialized artifacts, or explicit professional role.

- If the user appears to be a student or learner doing coursework, exam preparation, or general skill development

without a concrete real-world task, set ‘interaction_type‘ = "education" and ‘label‘ = "LTQ".

- If the matched O*NET task clearly does not fit what the user is doing, set ‘interaction_type‘ = "bad_match" and
‘label‘ = "LT@". Do not stretch the conversation to fit the task.

- Otherwise, set ‘interaction_type‘ = "consumer" and proceed to LT@Q/LT1/LT2.

Important: A user may be a professional in one domain but a consumer in another. For example, a software developer
asking for tax help should be treated as a consumer relative to tax-preparation work.

## Labels

Apply these when ‘interaction_type‘ = "consumer".

LT2 = Clear labor transfer.

The user is using ChatGPT to perform or substantially prepare a concrete task that could plausibly otherwise be done by
paid labor. The conversation involves a specific situation, artifact, decision, document, problem, or action grounded in
the user’s own life or non-professional responsibilities.

Examples:

- Drafting a legal, financial, insurance, medical, administrative, or employment-related document.

- Reviewing a real bill, contract, form, diagnosis, policy, claim, or technical problem.

- Preparing a concrete repair, tax filing, dispute, application, complaint, plan, or negotiation.

- Troubleshooting a real household, technical, financial, or bureaucratic problem.

LT1 = Partial or weak labor transfer.

The user is taking on part of a professional-like or service-like task, but the evidence is limited. Use LT1 when one of
the following applies and record it in ‘1t1_reason‘:

- ‘partial‘: only a small fragment of the task is being performed.

- ‘low_stakes‘: the task resembles paid labor but is minor enough that delegation was unlikely.

- ‘ambiguous_situation‘: it is unclear whether the user has a concrete real-world situation or is exploring
hypothetically.

- ‘unclear_user_role‘: it is unclear whether the user is a layperson/consumer or a professional in the matched domain.
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LT@ = No labor transfer.

The user is not performing or substantially preparing a concrete professional-like or service-like task in a way that
substitutes for paid labor. Use LT@ when the conversation is mainly learning, entertainment, casual discussion, generic
explanation, open-ended brainstorming, or when the O*NET task does not fit.

## Task match

Set ‘task_match‘ as:

- ‘good‘: the O#NET task closely matches the user’s concrete activity.

- ‘partial‘: the O*NET task is related but broader, narrower, or only partly represented.
- ‘bad‘: the O*NET task does not fit the conversation.

If ‘task_match‘ = "bad", label must be LTO.

## Source of transferred labor

If ‘label® is LT1 or LT2, name the role or service the labor would plausibly have been transferred from.

Use one of: teacher, tutor, lawyer, paralegal, accountant, tax_preparer, doctor, nurse, therapist, repair_technician,
travel_agent, customer_support, editor, translator, administrative_assistant, financial_advisor, software_developer,
designer, recruiter, insurance_advocate, real_estate_agent, other.

If ‘label‘ is LTQ, use "none".
If using "other", briefly specify the role in ‘transferred_from_other*

## Examples:

{examples}

## Output

Return only valid JSON:

{{
"interaction_type": "consumer" | "augmentation" | "education" | "bad_match",
"task_match": "good" | "partial" | "bad",
"label": "LTQ" | "LT1" | "LT2",
"1t1_reason": "partial" | "low_stakes" | "ambiguous_situation" | "unclear_user_role" | null,
"transferred_from": "teacher" | "tutor" | "lawyer" | "paralegal" | "accountant" | "tax_preparer" | "doctor" |
"nurse" | "therapist" | "repair_technician" | "travel_agent" | "customer_support" | "editor" | "translator" |
"administrative_assistant" | "financial_advisor" | "software_developer" | "designer" | "recruiter" |
"insurance_advocate" | "real_estate_agent" | "other" | "none",
"transferred_from_other": "specific role if transferred_from is other, otherwise null",
"rationale": "1-2 sentences mentioning specific evidence from the conversation and the matched O*NET task.",
"confidence": "high" | "medium" | "low"

i34
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