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Motivation

• Early JASA tradition: Almost a century ago, The Journal of
the American Statistical Association published foundational
empirical studies of demand (Wright, Working, Schultz,
Mills, Stigler), moving economics toward quantitative
measurement and establishing econometrics.

• Hedonic modeling roots: Classical work on hedonics
(Lancaster, 50s; Griliches, 1971) showed how product
attributes drive prices and demand. Pat Bajari, Pakes, and
others set the stage for modern empirical work in early
2000s.

• Today’s AI/ML opportunities: We’ll use AI-generated
product representations from text and images to better
represent the products than the standard tabular
covariates.
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• Amazon application: Using toy car sales ranks and prices on
Amazon.com, the paper demonstrates how multimodal
transformer-based models (text, images, tabular data)
generate demand-relevant and price-relevant embeddings.

• Findings & implications: These embeddings dramatically
improve predictions of price and quantity, capturing subtle
features like branding, quality, and visual appeal, thereby
strengthening the hedonic approach to demand.

• Finding for Price Elasticity. The AI embeddings are key
determinants of price sensitivity/elasticity of demand.
While the embeddings are strong effect modifiers, they are
very weak confounders – once the past visibility signals and
prices are accounted for.
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A Toy Example

Figure: A toy example with image and text description
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Toy Data for the Toy Example

• Scraped toy truck data from Keepa.com
• Sales rank of each item i at time point t
• List price of each item at each time point
• Text description of the product
• Image of the product
• Other tabular features (e.g., ratings, browse node data)
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Quantity and Price Signals

• Quantity signal:

Qit = log(1=Time-Averaged Sales Rank of i in period t) :
• Price signal:

Pit = log(Time-Averaged Price of i in period t) :
• Data structure: Each period t = 1; : : : ; T spans 4 weeks. We

set T = 12 periods in total, directly adjacent to each other.
• Temporal changes: We also examine changes in signals

across periods:
�Qit := Qit � Qi(t�1); �Pit := Pit � Pi(t�1):

We call the log inverse rank the "quantity signal" and log price
the "price signal". Under the power law, log actual sales is
proportional to log inverse rank.
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Figure: Pit and Qit Trajectories. Note for later: that prices are "sticky".11/37



AI-Based Representation of Products

We will use various encoder models based on Transformers to
convert product data into useful numerical features:
• Convert text description to dense embeddings Dit using

Transformers (RoBERTa model; also LLama 3)
• Convert image to dense embeddings Iit using Transformers

(BEiT model)
• Convert tabular data to embeddings Tit using Transformers

(SAINT model)
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Key Ideas: Self-Supervision, Attention, Fine-Tuning

• Self-supervision. Turn "unlabeled" data into massive
amounts of "labeled" data by masking. For example,
S = (Well made diecast model truck with metal body.) =)

W = (“Well made [m] model truck with [m] body”; Y = S
Predict Y using W via neural networks. Use hidden layers of
neural networks as representations E —"embeddings"—of S.

• Attention Mechanisms: Capture important interactions or
co-occurrences of words and pieces – “Attention Is All You
Need” by Vaswani, et al.

• (Causal) Fine-Tuning: Update embeddings to perform well
on downstream tasks—for example, predicting quantity and
price signals. Estimation of causal effects relies on
residualization of price and quantity, and we fine-tune on
the residualization tasks.
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Diagram

Zi =

�
Texti
Imagei

�
e7�! Ei :=

ATix??�
Wi
Ii

�
??y
AIi

m7�! fQ̂it; P̂itgT
t=1:

• The neural embedding map e maps text and images Z into
numerical vectors E that are used to predict "auxiliary"
targets—masked chunks of text and images.

• The neural map m takes the embeddings and predicts
labels in downstream tasks related to causal analysis. This
part can be used for fine-tuning e – updating e to perform
better at the downstream task.
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Embeddings: AI Representation of Products

We concatenate the embeddings: Eit = (Dit; Iit; Tit): We will use
centered and normalized embeddings:

Xe
it =

Eit � 1
n
P

i Eit
kEit � 1

n
P

i Eitk
:

Each product is then a point on the sphere.
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Does AI Understand Products?

We can evaluate this in different ways:
1. Qualitative. Examine clusters of products with similar

embeddings, and check if AI-similarity agrees with
HI-similarity.

2. Quantitative. Check whether AI-embeddings improve
predictions of price and quantity signals.

Both tasks are very important for demand analysis, including:
• Computation of hedonic prices (prices as functions of

characteristics)
• Hedonic inflation price indices
• Demand and price prediction for new products
• Predicting changes in demand due to changes in price
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PCAs and Cluster Visualizations
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