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1. GDP v Welfare
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How Are We Doing?

“...a measure for standard of living: average real 
gross domestic product (GDP) per capita” – Boston 
Fed

“Productivity is the most important determinant 
of the standard of living” – Forbes

The United States economy grew 
faster than any other large advanced 
economy last year — by a wide 
margin — and is on track to do so 
again in 2024.

https://www.axios.com/economy


1. GDP is a measure of production, not well-being

2. Productivity is simply GDP/hours worked

“The welfare of a nation can scarcely 
be inferred from a measurement of 
national income as defined [by GDP.]” 

- Simon Kuznets, 1934
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GDP vs. Consumer Welfare
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Case 1: Classic Goods

E.g. Automobiles, haircuts, food

GDP ↑, Consumer Surplus ↑

ΔProduction vs. ΔConsumer Surplus
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Case 2: Digital Goods

E.g. Increased use of free maps on 
smart phones or more digital 
photos;
Special case: Free digital apps that 
never existed before

GDP no change,
Consumer Surplus ↑

ΔProduction vs. ΔConsumer Surplus
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ΔProduction vs. ΔConsumer Surplus

Case 3: Transition Goods

E.g. Encyclopedia
(Wikipedia vs. Britannica)
Chemical photography to digital 
photography

GDP ↓, Consumer Surplus ↑
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Free Goods: Many Digital Goods and Services

An explosion of free digital goods

“There’s a lack of appreciation for what’s happening 
in Silicon Valley, because we don’t have a good way 
to measure it.” 

- Hal Varian



New Goods: Smartphones and Cameras

1. Photos taken worldwide
• 2000: 80 billion photos
• 2021: 1.6 trillion photos
• Price per photo has gone from 50 cents to 0 cents.

2. Increase doesn’t show up in GDP measures since...
• Price index for photography includes price of film, developing, and 

cameras, all of which are vanishing
• Photos are mostly shared, not sold (non-monetary transaction)

3. GDP went down further when cameras were absorbed into 
smartphones

• 121 million digital cameras sold in 2010, but just 8 million in 2023.

Ref: Varian 2017; Meeker, 2021; Aizcorbe et al, 2019; BLS, 2018. 



Smartphones aren’t just absorbing cameras
Smartphones substituted
• Camera
• Alarm Clock
• Music Player
• Calculator
• Computer
• Land Line
• Game Machine
• Movie Player
• Recording Device
• Video Camera
Plus: 
• Data plan
• GPS Map and directions
• Web Browser
• E-book reader
• Fitness monitor
• Instant messaging



We Need A New Approach: GDP-B

GDP-B can be assessed for all types of goods

It is especially important for two types of goods:
1. Free goods

– E.g. Facebook, Wikipedia
2. New goods

– E.g. Smartphones



A Dashboard of Metrics for the Economy



Our Approach

Develop a new framework for measuring welfare change. 

1. Use cost and expenditure functions to re-work theory allowing for 
there to be free goods (with an imputable price).
▪ Using reservation prices and the total income method

2. Derive an explicit term that is the value of a new good’s 
contribution to welfare change and GDP growth. 
▪ Welfare change mismeasurement if it is omitted from statistical agency 

collections.
▪ Derive a lower bound on the addition to real GDP growth from the introduction 

of a new good.

Details in Brynjolfsson, E., Collis, A., Diewert, W. E., Eggers, F., & Fox, K. J. (2025) GDP-B: 
Accounting for the value of new and free goods in the digital economy. AEJ: Macro. 



Empirical Approach

Brynjolfsson, Collis & Eggers (PNAS 2019) propose an approach to directly 
estimate consumer welfare by running massive online choice experiments. 

1. We run incentive compatible discrete choice experiments
• “Incentive compatible” => participants risk losing access to the good
• Recruit a representative sample of the US internet population via online survey panel
• Use data to estimate the consumer valuation of Facebook

2. Quantify the adjustment term to real GDP growth (GDP-B) for the contribution of Facebook from 2004 
to 2017

3. Run additional incentive compatible discrete choice experiments to estimate the consumer valuation 
of several popular digital goods
• Instagram, Snapchat, Skype, WhatsApp, digital Maps, Linkedin, Twitter, and Facebook
• Conducted in a lab in the Netherlands

4. Explore the welfare gains from new goods: case study of smartphone cameras



Scale up using Google Consumer Surveys
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1. Choice experiments generate plausible demand curves

• Valuations are consistent across BDM lotteries, best-worst scaling and 

SBDC experiments

• Incentive compatible experiments often imply higher valuations

2. Median valuations

Search > email > maps > video > e-commerce > social media > messaging > music

3. Consumer surplus from Facebook in USA:

 $38/month for median consumer 

4. This approach can be scaled up to numerous goods and services

Key Findings
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Facebook study with Incentive Compatibility

n2016 = 1497, n2017 = 1388

Median WTA:

20

$37.76 / month

[$27.19, $51.97]

Heterogeneity in valuation
Higher valuations for people with

1. More time spent on Facebook
2. More friends they have
3. More frequent posting
4. More videos watched
5. Female
6. Older
7. Less use of Instagram or Youtube



Some Implied Demand Curves and WTA

Wikipedia: WTAmedian = $150/year
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Most widely used categories of digital goods

Search

Maps Video

Email
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Most widely used categories of digital goods

Social Media

Messaging Music

E-Commerce
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Welfare Change and the Free Goods 
Problem
Consumer holding Z** >0 free goods has utility u** ≡ f(x**, z**).

“Global” willingness to accept (WTA) function for the disposal of z** as 
follows:

WA(u**, p, z**) ≡ c(u**, p, 0M) − c(u**, p, z**)

That is, the amount of expenditure needed to achieve the same utility 
without access to the free good. 
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GDP-B growth from t=0 (before “free”) to t= 
1
• Consumer has a total income (T) that is used to achieve the level of utility 

at an observed equilibrium, t=0,1:

• Tt = pt.qt + wt.zt (market income plus imputed income), where z0 = 0 

• GDP-B growth = T1/T0

• Deflate this by the GDP deflator
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Facebook’s contribution to GDP-B

 GDP-B 
growth

Percentage Points, 2003-2017 0.68
Per year 0.05
GDP-B Growth per year without 
Facebook (i.e. GDP growth)

1.83

GDP-B Growth per year with 
Facebook

1.87
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2. The Digital Welfare of Nations
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A platform for choice experiments

● Partnership with Meta

○ Large-scale (N=40,000) 
representative studies

○ strong incentive compatibility

● Weights using detailed information 
Meta has about its users to reduce 
bias from non-response

○ Differential Facebook use among 
different subpopulations

● International scope (13 countries)

○ FB penetration 60%
28



Valuing Facebook using SBDC experiments

• We ensure compliance with actual usage
• Important to avoid hypothetical bias
• For FB, incentive compatible valuations are larger than 

hypothetical valuations

• Randomly choose price levels from $5 to 
$100

• Equivalent amounts in other countries
• 1 in 50 chance of getting selected

• ~800 selected, 400 chose deactivation and 
offered $ (total $20k paid out)

• Almost all of them come back (2 years later 
92.7% still active vs. 92.9% for the rest)
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Best-Worst Scaling: Relative valuations

• Choose the most valuable and least valuable option from a list 
of items (Louviere, 1987)

• Relative valuations of different goods
• Can include all types of goods including those for which incentive 

compatible design is difficult
• Doesn’t suffer from hypothetical bias

• Balanced incomplete block design to ensure all pairs of goods 
are evaluated together sufficiently

• Each user answers 3 randomly selected questions

vs
. 30



Best-Worst Scaling: Relative valuations

• List of items: Most popular digital 
goods

• Search Engine: Google
• Social Media: Facebook, Twitter, 

Instagram, Snapchat, TikTok
• Instant Messaging: WhatsApp
• Maps: Google Maps
• Video: YouTube
• E-commerce: Amazon

• Also a non-digital item for 
comparison: 

• Meeting friends in person

Use FB valuations from previous experiment to convert relative valuations to 
absolute dollar figures 31



Facebook valuation using SBDC experiments

• 19% have a valuation < $5 
to give up Facebook for a 
month, 27% have a 
valuation > $100

• Demand curve estimated 
using weighted logit model

• Overall median monthly 
valuation across 13 
countries: $31

• Min. $11 in Romania, Max. 
$57 in Norway
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Relative valuations using Best-Worst Scaling
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Valuations of digital goods across countries

• Calibrate valuations of other digital goods using 
incentive-compatible SBDC Facebook valuations and relative 
utilities from best-worst scaling
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Valuations of digital goods across countries
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Welfare gains from digital goods across countries

These 10 digital goods 
generate a total of $2.5 trillion 
in welfare across these 
countries

• Ranging from $13 billion in 
Romania to $1.29 trillion in US
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Welfare gains as a percent of GDP

A 1% increase in a country’s GDP per capita is 
associated with a 0.68% increase in users’ 
valuation of the 10 digital goods relative to GDP 
per capita.
(β = 0.68, p-value = 0.002).

Takeaway: Digitization reduces welfare 
inequality across countries.
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Welfare gains within countries

• No systematic association 
between wealth and valuations

• Differences rarely significant 
across terciles -> lower RWI users 
benefit more

• Poorest and wealthiest users have 
greater value for most digital 
goods

• In some cases (Google Search), 
users in top tercile derive highest 
welfare

• In some other cases (TikTok), 
users in lowest tercile derive 
highest welfare
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Digitization and welfare inequality

Conclusion: Welfare gains from digital goods 
disproportionately benefit lower-income countries and 
lower-income individuals within the US
• Free digital goods are available to both higher and 
lower-income individuals and at the same quality

• A billionaire has access to the same quality search engine or 
messaging app as the average person

• Lower-income individuals are expected to consume higher quantities of 
free digital goods because they have less money to spend on other 
goods, and also because their opportunity cost of time is lower
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3. Surplus from digital vs. 
conventional goods
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Scale Up GDP-B to a Representative Basket of Goods

Team
• Erik Brynjolfsson, Avi Collis, David Nguyen, and Sophia Kazinnik

Assess valuations for basket of hundreds of goods and services
• Both traditional and digital
• Also experimenting with several public goods and quality of life metrics
• Included several attention and robustness checks in online experiment

Run on Prolific platform
• About 30,000 respondents
• Selected to be representative of demographic groups
• Ongoing, first waves completed
• Analysis underway – very preliminary results



Item types – Examples

• Traditional: Milk, Coffee, Rib Eye Steak, Frying pans, Sneakers, Vehicles, Contact 
lenses, TVs, Smartphone, Laptop, Financial / tax services, Life insurance

• Digital: Google search, ChatGPT, Wikipedia, WhatsApp, PayPal, TikTok, investment 
apps

• Public goods: Electricity at home, healthcare, police, roads, national defense

• Quality of life: Not suffering from cancer / poor air / chronic pain / identity theft, 
freedom of speech

• Reference items: Earning $100 / $500 / $1,000 / $2,000 less for next month or year



Massive online discrete choice experiments

•Intuitive, no training 
needed. 

•Works well on mobile. 
•Flexible design, works 
for monetary and 
non-monetary offers. 

•Easy to add logos and 
pictures. 

Cash offer
Open ended 

text
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Data collection process

Run massive Single Binary Discrete Choice surveys via Prolific, 
representative of US population (N=33,000) + open box survey (N=4,400). 

Data collected in December 2024 and March 2025.

Average response time of 2:30 minutes for 15 questions. 

Explicit and implicit attention checks (i.e. “fake apps”) passed by 97.3% of 
respondents.
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GDP-B: Traditional consumption items

• The goal is to build a representative 
basket for the traditional and digital 
economy. 

• For traditional items we rely on 
Consumer Expenditure Surveys (CE) 
from the Bureau of Labor Statistics 
(BLS). 

• We choose 264 items covering most of 
the consumer spending apart from 
housing. 

• For example: eggs, apples, cookies, 
health insurance, sports equipment, 
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Survey representativeness
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Usage rates range from 10% to 100%

• Average usage rate is 
44%, ranging from 10% 
(rental clothes) to 100% 
(fridge). 

• High usage rates (80% 
or more) observed for 
one third of items. 

• Low usage rates (30% 
or less) observed for 
17% of items. 

fridge
(100%)

rental clothes
(10%)

Google Chrome: 
80%

ChatGPT: 
50%
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Traditional item examples: Beef and AC
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Beef (any type) Air conditioning



Google Chrome and Private Cars
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Google Chrome Cars (private use)



GDP-B: Digital items and categories
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GDP-B: Basic utilities and traditional items
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GDP-B for the digital economy

• The surplus from all 24 digital categories adds up to $900 per 
month, around 18% of average monthly income in the US. 

• Accounts for substitutability within categories (e.g. Google v Apple 
Maps) but not across categories (e.g. Social media v news). 

• Not all digital items are free (Netflix, Spotify, ChatGPT), so 
GDP-B measures surplus on top of savings. 

• For example, surplus from video and audio streaming is $166, needs to 
be added to the $31 the average person spends on these per month. 

• Google Maps is free so it’s 100% surplus. 
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Substitution effects for traditional items

53Green is consumer surplus. Red is expenditure.  Yellow box is the ratio.



GDP-B results: summary

Median WTA = 
$1-100

(203 items)

Median WTA = 
$100+

(47 items)
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Usage correlated with WTA 
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Findings – very preliminary

• As expected, highest median valuations for utilities at home, healthcare, insurance, 
and personal hygiene, but also internet and electronic devices.

• Electricity at home, 
• Running water at home 
• Personal hygiene products 
• Cars, health insurance, mobile internet, wifi, computer, smartphone, fridge, toothbrush

• Lowest median valuations for tinder app, riding motorcycles, tobacco, cigarettes, 
preschool services. 

• But: tobacco and cigarettes have high mean, indicating high valuation of those that do smoke. 

• Reassuring: Very low valuations for fake apps. 

• Access to ChatGPT has median valuation of $25/month

• Comparable to eating bananas or going to the museum. 



4. LLM Agents for 
Economic Research
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Issues with Survey Data

Survey research is facing a dual challenge:

1) Escalating costs
2) Deteriorating response rates

Survey data is getting worse:

•  Demographic patterns of non-response 
•  Dependence on online platforms (e.g., MTurk, Prolific) – “professional 
respondents”, identity misrepresentation, etc.

•  Respondents are using LLMs...(Zhang et al., 2025; Veselovsky et al.,2023)
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Issues with Survey Data

59



LLMs as Synthetic Respondents

Growing body of literature shows that LLMs produce responses 
consistent with documented patterns of human behavior:

• Computer science (Park et al., 2024)
• Economics (Horton, 2023)
• Psychology (Dillion et al., 2023; Kosinski, 2023)
• Sociology (Bail, 2024; Ashokkumar et al., 2024)

→ LLMs as survey data sample extenders
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LLM Agents as Survey Respondents

LLMs calibrated on human input would be a first step to:

• Richer high-frequency data at a lower cost through hybrid surveys
• Scaling up current work (e.g., to estimate GDP-B)

61



LLM Agents as Survey Respondents

LLMs calibrated on human input would be a first step to:

• Richer high-frequency data at a lower cost through hybrid surveys
• Scaling up current work (e.g., to estimate GDP-B)

Could LLMs replicate survey responses? What are best practices?
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LLM Agents as Survey Respondents

LLMs calibrated on human input would be a first step to:

• Richer high-frequency data at a lower cost through hybrid surveys
• Scaling up current work (e.g., to estimate GDP-B)

→ “Augmenting Human Survey Responses with GenAI: An Application 
to Economic Research” 
by Erik Brynjolfsson, Jose Ramon Enriquez, Sophia Kazinnik, David 
Nguyen
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Model Accuracy
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Spotlight: LLM Agents for GDP-B

• We have demonstrated that LLM Agents can consistently achieve 
good accuracy in replicating WTA experiments (UK data). 

• Working Paper presented later today and coming out soon (Brynjolfsson, 
Enriquez, Kazinnik, Nguyen).  

• Our very large dataset of 32,000 respondents from GDP-B surveys 
allows us to further train agents for the US. 
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An Interesting Application 

The LLM Time Machine

What if we asked the LLM to give valuations not only for the 
current year, but for past years?
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Data

Humans

• 8 waves of data collected from 
2016-2024 , measuring how 
much users value Facebook

• Representative samples of US 
population recruited on Prodege

• N = 1,500/yr, 12k total
• Incentive - compatible design
• Results from 2016, 17 published 

previously in our PNAS paper

LLMs

• GPT 4 Turbo, temperature of 1.5
• 5 paragraph prompt (see next 

slides)
• Define different personas to match 

socio-demographics of human 
subjects every year

• Generate decision for each specific 
persona

• 0 for not giving up Facebook or 1 for 
quitting Facebook and accepting the 
monetary offer.



Results:
No significant differences in median valuations of Facebook for humans vs. LLMs



Results



LLM Time Machine
Can we create longitudinal data going back in time?



LLM Time Machine: FB vs. Insta
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Summary

• Demonstrate the feasibility of LLMs as synthetic respondents in online 
choice experiments

• LLMs seem to do well for estimating median valuations and capture temporal 
trends

• Incentive compatibility and random utility theory are important in prompting

• Generate longitudinal data going back into the past, even if human 
data was never collected

• What we are more interested in is changes in valuation over time, rather than 
the absolute valuations today

• Useful not just for digital goods, but also for other non-market goods 
that lack data on pricing



5. Externalities, 
Limitations, Extensions
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Taxonomy of externalities

We built a structured taxonomy of the hidden costs users and society incur 
when using "free” digital goods.

We classify these costs along two dimensions: 

1) direct (individual) versus indirect (societal); 
2) short-term versus long-term
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Taxonomy of externalities
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Taxonomy of externalities
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Taxonomy of externalities
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Taxonomy of externalities

How to estimate costs? 
Allcott, Gentzkow & Song (2022) “Digital Addiction”. 
Main finding: lack of self-control causes 31% of social media use. 

Product-specific mapping: Facebook
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https://www.aeaweb.org/articles?id=10.1257/aer.20210867


Traditional Goods and 
Services

+ Digital Goods and 
Services

Taxonomy of contributors (and detractors?) 
of wellbeing
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Overall Measure of 
Well-Being

Material Well-being Household

Government
(excluding non-material 

factors)

Those of which absolute 
value can be calculated

Those of which absolute 
value cannot be 

calculated

• Meal preparation
• Washing up
• Cleaning the house etc.

Private Sector

• Public goods which affect the 
material well-being

Non-Material 
Well-being

Goods with Positive Price

Goods with Zero Price

• Personal Activities (Leisure)

• Health
• Education
• Environmental Conditions
• Security
• Political Governance and 

Voice
• Social Connections

Household Consumption on 
Goods & Services Provided By:

Sub-Categories or Activities GDP-B LevelsLevel 
1

Level 
2

Level 
3

Level 
4

Level 
5

+ Non-Marketable Goods 
and Services

+ Well-being from Time 
Consumption

+ Other Non-material 
Factor Which Affect 

Well-being



6. Building the 
infrastructure for future 
work – call to arms
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A Research Agenda for GDP-B

1.  Producing and publishing regular GDP-B numbers. First annually 
then, match the quarterly GDP release schedule. 

2.  Expanding the number of items (traditional and digital) that are 
included. Allows for disentangling substitutability issues. 

3.  Adding quality of life factors by developing research on measuring 
people’s health, environmental assets, household production, 
culture and social connection. 

4.  Explore variation across groups and geography. Quantify types of 
survey biases. 

5.  Augment surveys with LLM agents from complementary projects 
at the lab. This should enhance efficiency, speed, and lower costs 
of surveying. 
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GDP-B next steps: 
Expanding geography and scale and scope of basket

Digital Goods

Expanded 
set of Digital 

and 
Traditional 

Goods

Household 
Production

Health, 
Environment, 
Culture, Etc.

Country 1

Country 2

Country 3G
eo

gr
ap

hy
Scale and scope

+ + +

+ subnational

Country 1
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GDP-B next steps: 
A Recurring Time Series (Panel) of Data
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2027

2026

2025



Conclusion: Updating our Measures for the 21st Century

1. GDP, developed in 1930s, remains the de facto metric of 
production, expenditures and economic growth

2. Conceptually, GDP-B can provide a better metric of 
well-being (benefits), especially for goods with zero price

3. Massive online choice experiments have the potential to 
supplement the measurement of economic welfare.

- We have developed methods to do this at scale
- The digital welfare of nations can be measured
- LLM Agents can (sometimes) be used for survey data
- Can be extended to new categories and geographies

A rich toolkit for improving the measures of the economy!
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Some of these goods have ads

Advertising revenues are generally not proportional to 
consumer surplus. (Spence and Owen 1977)

Ref: Nakamura, Samuels and Soloviechik (2017)


