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Abstract

We introduce LifeVal, a benchmark evaluating Al model performance on personalized agen-
tic consumer tasks. LifeVal covers the most valuable life tasks that a personalized digital su-
perassistant could automate, representing over $1.7 trillion USD in annual willingness-to-pay
across 148 consumer task categories (e.g., managing finances, moving apartments, searching for
a job, finding childcare). To construct our activity distribution, we conducted a new survey of
willingness-to-pay for a digital superassistant across a demographically representative sample of
over 3,800 consumers, cross-referencing our results against the American Time Use Survey and
the Multinational Time Use Study [Bureau of Labor Statistics, 2025, Fisher et al., 2025]. For
the most valuable consumer activities, we recruited task creators to create Al evaluation tasks
personalized using real ChatGPT conversations and memories, reference files, and personal con-
text. Task creators had to pass our expertise threshold (including personally completing the
task multiple times and seeing the results through in their real lives for over a year) and also
write a rubric, ensuring that our evaluation measured the best personalized completion for that
task. All tasks had to pass at least three rounds of human quality-control before acceptance
into our final evaluation sets.
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Figure 1: Example LifeVal Tasks. Any personal information in the paper, including any images with personal
information, has been deidentified or synthetically generated to protect our task creators’ privacy.



1 Introduction

ATl models are increasingly acting as digital superassistants: highly capable, personalized agents
with deep integration across users’ digital lives. To understand and forecast the impacts of such
models, we need to measure their capabilities. One way to measure the consumer capabilities of such
models is through usage metrics. However, while usage data tells us about tasks already requested
by users, adoption often lags capabilities, and usage metrics don’t capture newer capabilities that
take time to adopt, or tasks that users don’t think to ask [Patwardhan et al., 2025]. To better
measure the capabilities of AT models in consumer settings, we introduce LifeVal, a benchmark
explicitly designed to measure Al capabilities on real-world tasks that consumers deeply value.
LifeVal tasks capture valuable, long-horizon consumer needs:

e High Value: LifeVal tasks are pulled from the highest-value tasks from a demographically-
representative survey of willingness to pay for Al superassistance, triangulated against the
American Time Use Survey and Multinational Time Use Study, which compiles comparable
time-use surveys from 25 countries [Bureau of Labor Statistics, 2025, Fisher et al., 2025] L.

e High Context: LifeVal tasks require the model to reference detailed personal data, lengthy
ChatGPT conversation histories, and context across different applications.

e Personalized: LifeVal tasks are highly personalized and subjective, requiring models to adapt
to individual preferences.

e Agentic: LifeVal tasks require taking complex actions on a computer, including interacting
with websites, accessing account states, filling forms, producing artifacts, and managing digital
transactions.

e Objectively gradable: Despite their subjective nature, LifeVal tasks are possible to objec-
tively grade when conditioned on the provided context.

2 Related Work

LifeVal sits at the intersection of three literatures that have mostly remained separate: agentic
benchmarks, personalization and memory benchmarks, and economic literature on task augmenta-
tion and automation.

AT evaluations are shifting from single-turn academic benchmarks toward interactive, agentic
tasks that test whether models can reliably complete real workflows [Xie et al., 2024, Zhou et al.,
2024]. Performance has risen rapidly since early baselines, including WebArena'’s original 14% vs.
78% human gap, OSWorld’s original 12.24% agent performance vs. 72.36% human [Zhou et al.,
2024, Xie et al., 2024]. More recent verified variants report much stronger results, including 67.3%
on WebArena-Verified and 75.0% on OSWorld-Verified for GPT-5.4 [OpenAl, 2026]. This literature
suggests several design lessons for LifeVal: (i) partially subjective outcomes are often evaluated with
rubrics [He et al., 2024]; (ii) reinforcement learning environments improve reproducibility relative
to the live web [Zhou et al., 2024, XLANG Lab, 2025]; (iii) evaluation harnesses must be hardened
against reward hacking [Wang et al., 2026].
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Related work examines how Al systems infer, retain, and apply user preferences [Li et al., 2025].
PrefEval [Zhao et al., 2025] evaluates whether models can remember preferences over long synthetic
conversations, while other benchmarks study personalized assistance in conversational and research
settings [Liu et al., 2026, Liang et al., 2026]. More closely related to LifeVal, Personal WAB [Cai
et al., 2025] combines real shopping histories with generated user profiles to evaluate personalized
search and recommendation performance, and Persona2Web [Kim et al., 2026] evaluates whether
agents can infer preferences from synthetic user profiles and browsing histories to tasks on the open
web. Our work extends personalized agent evaluation by combining real ChatGPT conversation
histories and memories with tasks requiring browser and computer use across everyday domains.
The same users contribute task-specific rubrics, providing ground truth about whether the agent
successfully used their personal context.

This paper is also closely related to a large literature in economics on task-automating or
augmenting technologies [Autor et al., 2003, Acemoglu and Autor, 2011, Acemoglu and Restrepo,
2019]. When technology sharply reduces the cost of a task, households gain purchasing power, time,
or both, and can reallocate those resources toward other goods and services, especially complements
to the now-cheaper task [Greenwood et al., 2005].

More broadly, automation can create new consumer demand rather than merely substitute for
labor. Agricultural mechanization and productivity growth reduced food prices, allowing house-
holds to devote less spending to food and more to manufactured goods and services [Gollin et al.,
2002, Herrendorf et al., 2013]. Similarly, electrification and labor-saving appliances reduced the
time required for cooking, cleaning, and laundry, shifting time out of unpaid home production and
into market work and other activities [Greenwood et al., 2005, Ramey, 2009].

When the marginal cost of completing a task falls far enough, technology can also expand access.
In the U.S., digital retail increased consumer surplus by adding variety and convenience, especially
for households outside dense urban markets [Brynjolfsson et al., 2003, Sinai and Waldfogel, 2004,
Dolfen et al., 2023]. Such effects may be larger when a technology lowers the cost of many consumer
tasks at once.

Many LifeVal tasks — coordinating home services, managing finances, communicating with
providers, and navigating taxes — are inputs into household production rather than final con-
sumption. These activities are quantitatively important, as households devote substantial time to
home production and to purchasing and coordinating goods and services [Aguiar and Hurst, 2007,
Ramey, 2009]. Tax filing is one clear example, where many low-income households pay for assis-
tance to access tax-administered benefits, and filing frictions affect claiming behavior [Bhargava
and Manoli, 2015]. In most other domains, however, the relevant margin is the cost of administra-
tive burden. Incomplete take-up of social services reflects learning costs, paperwork requirements,
and other barriers that deter eligible households [Currie, 2004, Finkelstein and Notowidigdo, 2019,
Herd and Moynihan, 2019]. Reducing the cost of these tasks may therefore generate welfare gains
through time savings, lower expenditures, and expanded access for households that would otherwise
be unable to participate.

3 Task and Benchmark Construction

3.1 Prioritizing consumer life tasks

To construct the initial set of tasks for LifeVal, we used data from the American Time Use Survey
(ATUS, 2024; n=7,700) and the Multinational Time Use Study (MTUS, 2020; n=8,782). ATUS is
a detailed time-use taxonomy created by the U.S. Bureau of Labor Statistics (BLS) that documents
how people allocate their time across daily activities. MTUS is a database of international time-



use diary surveys, designed to make activity categories comparable across countries. Together,
these datasets provide a detailed view of how people spend their time across a full 24-hour period,
including differences between weekdays and weekends and across different times of year. We cleaned
the data based on the procedure outlined in A.1.

We then estimated the potential value of an Al digital superassistant for each task. We consid-
ered whether task categories could simply be weighted by the amount of time people spend on them.
But for consumer life tasks, time spent is often a poor proxy for value: some tasks are relatively
infrequent or short in duration, yet highly consequential when they arise, such as tax preparation,
choosing health insurance, or obtaining preventive health care. Moreover, sometimes life tasks that
take a lot of time (e.g., sleeping, eating) can only be moderately impacted by a personal digital
superassistant; an Al model can give advice about these activities, but it cannot sleep for you or
eat for you. This makes measuring Al impacts on life tasks different from work-related tasks. For
work tasks, the value from an Al superassistant can often be approximated more directly using
average wages multiplied by hours worked for the relevant occupation.

Because no comparable market wage exists for many personal life tasks, we supplemented the
ATUS/MTUS task data with a willingness-to-pay survey (n=3,837), with recruitment targeting
US Census distributions for age, gender, and ethnicity from Census Bureau population estimates
(2021), and income from the Current Population Survey Annual Social and Economic Supplement
(CPS-ASEC, 2025) [U.S. Census Bureau, 2021, 2025]. We specified a hypothetical perfect digital
superassistant that could provide advice and perform digital tasks, but could not perform physical
work. Respondents estimated the maximum amount they would have paid over the course of 2025
for digital assistance with each activity (respondents remained responsible for the cost of any goods
or services arranged). Each respondent evaluated a randomized subset of 30 activity categories.

The resulting data informed a prioritized distribution of 148 activity categories derived from
the most detailed level of the ATUS classification, used to guide further LifeVal task collection.
Summing the estimated U.S. annual willingness to pay across these categories yields approximately
$1.7 trillion (Table 1). We compared these valuations with external proxies for activity importance,
including BLS consumer expenditure, occupational wages, and ATUS wellbeing measures. The
valuation question is provided in A.2, aggregate willingness-to-pay estimates by broad activity
category in B.2, and a discussion of the external comparisons in A.2.1. The resulting tasks span
the most important areas that people want help with, including caregiving, health, education,
household administration, personal finances, shopping, and accessing government services.

3.2 Task writer recruitment, consent, and personalization data

Our belief is that only an “expert” in the task knows what the truly correct outcome is in the long
run for them. In LifeVal, we did not want generic tasks; each task instead represents what is useful
and correct for the writer. We personally reviewed every task proposed by expert task writers to
confirm their experience met the expertise thresholds for the project, including back-and-forths
with additional information requests, and conducted live virtual trainings and office hours. When
writing tasks, expert task writers replaced personally identifiable information (PII) with synthetic
data and consented to share their ChatGPT data which itself was de-identified before research use,
as shown in figure 2.
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3.3 Task Creation

Each task consists of the following components:

e Request (Prompt): Clearly specifies what the task writer wants the model to accomplish.

e Personalized Context: Provided to enable accurate personalized task completion. While
many personal queries seem highly subjective, providing detailed personal context significantly
reduces ambiguity. For example, the general question “What should I have for dinner?” becomes
objectively answerable if the model has access to the user’s preferences and recent dining history.
Personalized context includes:

— ChatGPT Conversations and Memories: Relevant excerpts from prior conversations
and memories. At evaluation time, the model sees their entire conversation dump (minus
any conversations they archived or deleted).

— Reference Files: Any additional context provided to complete the task in file form, e.g.
medical test results, last semester’s course schedule.

— Additional Task Context: Any other essential details or resources that the model would
need to successfully perform the task that are not available in ChatGPT data, reference
files, or web browsing.

Rubric: To ensure objective grading despite the inherent subjectivity of personalized tasks,
writers also create rubrics for each task.

Reinforcement Learning Environment (RLE): Each task has corresponding environ-
ment(s) where the model can complete the agentic actions required by the task. We also
give the model a browser tool to search an offline version of the web.

e Starting State: Initial data or information required within the environment to complete tasks
(e.g., an email in the inbox containing medical results).
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Figure 3: Task structure

3.4 Quality control for tasks, environments, and rubrics

We employ rigorous quality control (QC) procedures, involving both human and automated model
review to ensure task accuracy, realism, and fairness.

3.4.1 Human QC

LifeVal tasks underwent at least three rounds of human review:

1. Peer Review: Conducted by another task writer with domain expertise relevant to the task if
needed. The peer reviewer assessed task accuracy, realism, and completeness from the perspec-
tive of practical domain knowledge.

2. Lead Review: A trained reviewer evaluated the task against campaign standards, including
whether the task demonstrated sufficient difficulty for the campaign and was fair i.e., possible
to complete with the provided information.

3. Final Sign Off: A third expert reviewer reviewed the completed task and signed off when it
was ready for inclusion.

3.4.2 Model QC

In parallel with human review, model-driven QC helped ensure that the rubric criteria were fair
and solvable given the provided inputs:

e A model is given all task components, including the prompt, personal context, and environment,
and attempts to complete the task.

e Another model reviews the completion of the task and categorizes failures into rubric, promp-
t/context, environment, or model-related problems.

e Based on the identified issues, the model proposes targeted corrections.

e Human reviewers assess the model’s proposed fixes and decide whether or not to implement
them.



3.5 Grading

We use two automated graders, both of which use GPT-5.6.

e Primary Grader: The purpose of the primary grader is to assess whether the task was
completed correctly. The grader receives the original task prompt, relevant conversation history
and memories, task rubric items and their available points, the model’s final response, any files
or artifacts the model created, and a backend state diff showing the change in the task RLE
from start to finish. The grader is instructed to score each rubric item independently using
only the provided evidence. It must verify that any artifacts the model claims to have created
exist, consider backend state changes for tasks involving real side effects, and only give credit
for actions that were actually completed.

e Hack Grader: The goal of the hack grader is to detect successful environment hacking. We
consider any instance when the model accesses internal RLE APIs to be hacking. This is
discouraged because real sites are unlikely to have these types of open endpoints for a model to
use. If hacking is detected, the sample receives a score of 0. For additional information about
the grading setup, see A.3.

4 Results

We created a set of 169 tasks and evaluate GPT-5.2, 5.4, 5.5, 5.6, and GPT-6 Astra.
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Figure 5: Clockwise from top left: performance versus average observed rollout wall time, average tool calls
per rollout, average API cost, and average tokens per rollout. Points show mean reward for each model
setting, with an 8-hour timeout per rollout.



The plots show 95% confidence intervals obtained by bootstrapping (resampling with replace-
ment the available automated grader scores for each sample, computing the mean per sample, and
averaging across all samples or for the specified model).

4.1 Common Failure Modes

LifeVal failure modes on xhigh reasoning

Primary failure mode
M No final answer
50% Incorrect format or visual design
Invented information
W Reported inability to find or verify information
M Incorrect information or recommendation
M Required information omitted
M Incorrect action taken
M Requested action not completed

40%
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Failure rate (mean 1 - reward)
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GPT-5.2 GPT-5.4 GPT-5.5 GPT-5.6 Astra (GPT-6)
Model

Figure 6: Failure mode profiles by model. Each bar’s total height is the model’s overall failure rate, computed
as the average value of 1 — reward across evaluated samples.

The models exhibit similar failure-mode profiles but we see trends over time. GPT-5.2 is the only
model to run out of tokens trying to complete the tasks, which results in the "no final answer”
failure. Since 5.2, improved training on computer use, browser use, and connectors has resulted
in higher rewards overall. GPT-6 Astra is our most aligned model yet, and we see an increase in
failure modes related to decision boundaries and alignment like “Required action not completed”
and “Reported inability to find or verify information.” The most stable failure mode across models
is, “Incorrect information or recommendation.” Models often miss key information that is located
in personal conversations.

5 Limitations

LifeVal has the following limitations:

First, because LifeVal draws on ATUS and MTUS, it may miss newer tasks that do not appear in
historical time-use surveys. ATUS ends in 2021, and the most recent survey data from MTUS, which
is a database rather than a single survey, is also from 2021. Also, our willingness-to-pay survey was
US-centered and conducted in English, so it may under-represent tasks that are common outside
the US or in communities that are weakly represented in demographic survey panels.

Second, willingness-to-pay estimates are only a proxy for digital superassistant value. They are
likely better than raw time spent for consumer tasks, but they still depend on self-reporting, survey
framing, and respondents’ imagination of what a “digital superassistant” can do. We cross-checked
our weights against BLS consumer spending and other related measures, but the final benchmark
is still anchored to survey answers rather than revealed long term behavior.



A final limitation is timelessness. Although we direct most web interactions through our RLEs
rather than live websites, tasks that depend on time-sensitive information or browsing hit a web
cache that is not frozen and can therefore change across runs. This source of variation is substan-
tially reduced by the RLE setup, but not fully removed, and can lead to variations in model scores
on tasks that rely on browsing.

6 Conclusion

LifeVal introduces the first benchmark we’ve built specifically to measure AI models’ capabili-
ties on consumer-oriented tasks, leveraging personalized ChatGPT data to evaluate performance
realistically and accurately. Key contributions of this work include:

e Task Distribution: A set of tasks derived from real-world consumer activities and prioritized
by consumer-reported value (using a new consumer survey), ensuring relevance and utility.

e Dataset: A novel dataset of tasks, RLEs, rubrics, and personalized, user-specific context drawn
directly from the task writers’ ChatGPT histories.

LifeVal provides a structured and gradable framework to measure Al models’ potential to act
as genuinely useful personalized assistants.
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A Appendix

A.1 ATUS Data Cleaning Procedure

We performed the following data cleaning.

e Merged related subcategories: We collapsed related subcategories like traveling to various
places, watching various sports, and waiting activities into unified categories for “transporta-
tion,” “watching sports” and “waiting.”

e Merged closely related tasks: We consolidated very similar tasks like “medical care provided
to adults” and “medical care provided to children” into one category and combined financial
management tasks regardless of whether assistance is provided to others or for oneself.

¢ Removed long-tail categories: We excluded work-related activities (already covered in GDP-
val) and unspecified categories (“not elsewhere classified”) from our analysis.

A.2 Consumer willingness-to-pay survey

Recruitment targeted U.S. population distributions for age, gender, ethnicity, and income. 3,837
respondents completed the survey. Screening comprised comprehension questions assessing respon-
dents’ understanding of the assistant’s capabilities and a simple attention check. Respondents were
retained only if they answered all five checks correctly, yielding 1,826 retained respondents and
2,011 exclusions.

Each respondent provided valuations for a subset of up to 30 activities from the cleansed
ATUS/MTUS task distribution. Each activity-level estimate was calculated from the retained
respondents who provided a valuation for that activity. For each assigned activity, respondents
were asked the following valuation question:

Imagine you have access to a perfect digital superassistant.

The digital superassistant provides perfect advice (e.g., explain how to fix your wash-
ing machine, give the world’s best personalized parenting tips, create a custom LSAT
study guide), and when possible, automates digital tasks on your behalf (e.g., buying
your preferred clothing online, filling out an online tax return perfectly on your behalf,
knowing what takeout dinner you want and ordering it via delivery).
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e Any money that the digital superassistant spends comes from your wallet.

e Assume the digital superassistant is perfect at performing these tasks—so for the
purposes of this exercise, assume that it knows your preferences perfectly and does
not make any mistakes.

Consider the entirety of last year (2025). What is the most you would have been willing
to pay, as the sum total across the whole year, in $USD, for the digital superassistant
to assist on this task? Put 0 if you would not pay to use the digital superassistant.

We estimated annual willingness to pay for each activity using a 95th-percentile winsorized mean.
Specifically, valuations above the 95th percentile for the activity were replaced by that percentile,
and the resulting values were averaged. Percentiles were calculated by linear interpolation. Zero
valuations were included, while missing responses were excluded from the denominator for the
activity.

We converted these estimates into task collection targets proportional to estimated willingness
to pay. Each activity’s share of total estimated willingness to pay across eligible activities was
multiplied by a target of 800 tasks and rounded down to the nearest integer. After rounding,
148 activity categories had positive allocations, corresponding to 702 tasks representing more than
$1.7T in annual willingness to pay for US consumers.

A.2.1 Validating willingness-to-pay survey results

As a robustness check, we compared our willingness-to-pay rankings against several external proxies
for task importance: the BLS Consumer Expenditure Survey, O*NET, and the ATUS Wellbeing
Survey [U.S. Bureau of Labor Statistics, 2025, National Center for O*NET Development, 2026,
Bureau of Labor Statistics, 2022].

For each ATUS Tier 3 activity in our distribution, we mapped a corresponding spending cat-
egory, occupation, and ATUS wellbeing activity where possible. For example, the activity “using
legal services” was mapped to the spending category “legal fees” and the occupation “Lawyers.”
We then compared our survey-reported willingness to pay against external measures of willingness
to pay, including average household spending, spending participation rates, occupational wages,
and reported emotions during the activity.

These external measures were only moderately correlated with our survey-based willingness-
to-pay rankings (R? ~ 0.4). We view this as evidence that willingness to pay captures something
related to, but distinct from, standard proxies such as spending, wages, or experienced affect. In
particular, we believe the differences arise for several reasons:

e Consumers may place high value on tasks that have important long-run consequences even when
they involve relatively little direct spending (e.g., financial management).

e Occupational wages reflect labor market conditions, not just value to consumers.

e Consumer expenditure categories combine goods and services, whereas willingness to pay for
AT assistance is primarily thought of as a service.

e Negative or positive emotions during an activity do not consistently translate into willingness
to pay for that activity.
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A.3 Grading

Our main grader for the above results was GPT-5.6 Sol with xhigh reasoning. To test whether
our autograder aligned with human judgments, we also asked human trainers to grade the model’s
rollouts using the task rubrics. Seventeen trainers graded one GPT-5.5 rollout for each task in an
n=30 subset, and we found that the mean rubric grade was 83.61% for humans and 84.20% for
GPT-5.6. Across the 30 rollouts, the Pearson correlation between the mean human grade and the
GPT-5.6 grade was r = 0.864.

Grader Mean rubric grade
Human 83.61%
GPT-5.6 84.20%

B Personalization

To assess the importance of personalization in LifeVal tasks, we evaluated the tasks under four
conditions: baseline; past conversations and memories removed; additional task context removed;
and additional task context synthetically inserted into past conversations rather than provided
directly. We used the same model and varied reasoning effort across all conditions.

Removing additional task context substantially reduced performance at every reasoning effort,
while removing past conversations and memories had a much smaller effect. Inserting facts from
the additional task context into past conversations reduced performance by approximately as much
as removing the context entirely. These results suggest two conclusions:

1. Additional task context contains much of the personal information needed to complete the tasks.
2. The model has difficulty finding and using relevant information in past conversations.

To investigate these findings further, we examined performance on personalized rubric criteria:
criteria requiring information from memories, past conversations, or additional task context. When
creating their rubrics, trainers identified the where the information needed to satisfy each criterion
was located in the task (e.g. the reference files, their past conversations, additional task context,
available via browsing, etc.). We selected criteria where trainers identified exactly one of these
three sources and compared their win rates.

e Past conversations: average win rate of 33.33%.
e Memories: average win rate of 47.8%.

e Additional task context: average win rate of 55.8%, falling to 41.5% when the information was
synthetically inserted into past conversations.

For criteria attributed exclusively to past conversations on which the model achieved a 100%
win rate, we inspected the corresponding rollouts to determine:

1. Whether the model accessed past conversations.
2. Whether it found the relevant information.

3. Whether it used that information correctly.
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4. Whether the information was also available elsewhere in the task or could be inferred from
conversation titles alone.

For every criterion in this reviewed subset, the information needed to satisfy it was also available
elsewhere in the task or could be inferred from conversation titles alone. Thus, success on these
criteria did not establish that the model retrieved the relevant facts from conversation contents.
We observed the model searching conversation history, including in unsuccessful attempts, but its
searches often relied on keywords and topical cues. For example:
grep -Rni -E \

'GAship|graduate assistant|full.?time|student loan|LING 800|dissertation credits|qualifying paper
|registration' \

/home/reference_files /home/conversation_history \

2>/dev/null | head -300

B.1 Expert Sourcing, Instructions, and Compensation

Experts were recruited from existing pools of generalist task writers, supplemented with targeted
outreach for niche categories (e.g. ADU setup, mold remediation) via blogs and social media
channels.

Participation was voluntary, and contributors could withdraw at any time. Contributors were
compensated as professional contractors for their time and expertise.

B.2 ATUS/MTUS Task Categories
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Tier 1 activity category

Annual WTP per
respondent (US$,

Sample of Tier 3 activities

US annual WTP
(US$ billions)

sum)
Household activities and Financial management; Using home $1,811.7 $505
services maint/repair/decor/construction svcs; Exterior
repair, improvements, & decoration
Caring for and helping Home schooling of children; Looking after adult (as $1,289.4 $329
others a primary activity); Activities related to child’s
education, n.e.c.*
Personal care Activities rel. to purchasing/selling real estate; $856.3 $239
Using health and care services outside the home;
Banking
Education Research/homework for class for degree, certification, $653.7 $190
or licensure; Research/homework n.e.c.*; Taking
class for degree, certification, or licensure
Volunteer activities Volunteer - Computer use; Volunteer - Teaching, $385.5 $100
leading, counseling, mentoring; Volunteer -
Telephone calls (except hotline counseling)
Consumer purchases Shopping, except groceries, food and gas; Grocery $266.9 $81
shopping; Comparison shopping
Socializing, relaxing and Writing for personal interest; Hobbies, except arts & $282.3 $77
leisure crafts and collecting; Arts and crafts as a hobby
Telephone calls Telephone calls to/from professional or personal care $233.8 $64
sves providers; Telephone calls to/from salespeople;
Telephone calls to/from household services providers
Professional and personal  Job search activities; Job interviewing $159.6 $47
care services
Government services and Obtaining licenses & paying fines, fees, taxes; Using $158.7 $46
civic obligations social services; Civic obligations & participation
Sports, exercise and Weightlifting/strength training; Working out, $135.7 $35
recreation unspecified; Playing baseball
Traveling Traveling; Travel as a form of entertainment $104.2 $28
Eating and drinking Eating and drinking $13.2 $3
Religious and spiritual Religious education activities $9.3 $2
activities
Total across listed categories $1,746

Table 1: ATUS/MTUS Tier 1 activity categories, sample Tier 3 activities, and summed willingness-to-pay
estimates. The annual WTP column sums activity-level means from our demographic survey; the U.S. annual
WTP column sums national estimates.
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