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ABSTRACT 

We propose a demand estimation approach that leverages unstructured data to infer substitution patterns. Using pre-trained 
deep learning models, we extract embeddings from product images and textual descriptions and incorporate them into a mixed 
logit demand model. This approach enables demand estimation even when researchers lack data on product attributes or when 
consumers value hard-to-quantify attributes such as visual design. Using a choice experiment, we show this approach substantially 
outperforms standard attribute-based models at counterfactual predictions of second choices. We also apply it to 40 product 
categories offered on Amazon.com and consistently find that unstructured data are informative about substitution patterns. 
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 Introduction 

any problems in economics and marketing—such as merger
nalysis, tariff evaluation, and optimal pricing—require estimat-
ng demand for differentiated products. A standard approach
as been to estimate demand models that capture substitution
hrough the similarity of product attributes. While common, this
pproach faces two practical challenges. First, researchers rarely
bserve all choice-relevant attributes. Instead, they rely on third-
arty data in which attributes are chosen based on unknown
riteria, or gather their own data, subjectively choosing which
ttributes to collect. Second, consumers often consider visual
esign and functional benefits of products, dimensions that are
ifficult to capture through observed attributes.1 

n this paper, we show how researchers can incorporate unstruc-
ured data—such as product images, descriptions, or reviews—in
emand estimation to recover substitution patterns. Using pre-
rained deep learning models, we transform images and texts
nto vector representations ( embeddings ) and apply Principal
omponent Analysis (PCA) to reduce dimensionality and capture
he main dimensions of product differentiation. We incorporate
hese principal components into a logit model with random
his is an open access article under the terms of the Creative Commons Attribution License, which perm
ited. 
2026 The Author(s). The RAND Journal of Economics published by Wiley Periodicals LLC on behalf of

he RAND Journal of Economics , 2026; 00:1–17 
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coefficients, treating them as researchers usually treat observed
product attributes. Lastly, we implement a model selection algo-
rithm to choose the type of unstructured data and deep learning
model that extract the strongest signal of substitution. 

This approach lets researchers incorporate hard-to-quantify prod-
uct attributes, such as visual design in images and functional
benefits from text, while avoiding subjective choices about
which attributes to collect. It relies on product images and
textual descriptions, which are widely available even in markets
where collecting product attributes is challenging. Given the
prevalence of unstructured data, the approach offers a valu-
able addition to the toolbox of empirical researchers. To ease
adoption, we provide a Python package, DeepLogit , alongside
this paper.2 

We validate this approach empirically. A key challenge is that
substitution patterns are unobserved, so there is no ground
truth to test model predictions. An ideal dataset would let us
estimate demand precisely from consumers’ choices and then
evaluate how well the model predicts an empirical measure of
substitution not used in estimation. To achieve this, we design
an experiment in which participants choose a book from a list
its use, distribution and reproduction in any medium, provided the original work is properly 

 The RAND Corporation. 

1

https://doi.org/10.1111/1756-2171.70052
https://orcid.org/0000-0002-4272-5814
mailto:gio1compiani@gmail.com
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1111/1756-2171.70052
http://crossmark.crossref.org/dialog/?doi=10.1111%2F1756-2171.70052&domain=pdf&date_stamp=2026-03-23


o  

r  

u  

w  

i  

c  

a  

p  

s

U  

i  

b  

d  

b  

c  

c  

a  

t  

b  

c  

r  

a

W  

4  

c  

v  

t  

d  

W  

s  

i  

b  

r  

c  

r

O  

e  

t  

(  

B  

r  

e  

v  

o

W  

f  

(  

2  

a  

D  

o  

c  

u  

u  

a  

o  

v

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2

 17562171, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1756-2171.70052 by Im

perial C
ollege L

ondon, W
iley O

nline L
ibrary on [30/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reat
f options, and we elicit both first and second choices. We
andomize prices and rankings of all options. This variation lets
s estimate substitution patterns using only first choices and
ithout instruments, while reserving second choice data for val-
dation. We then test how well the model predicts second choices
ounterfactually.3 Because second choices reveal which product
 consumer substitutes to if their preferred option is unavailable,
redicting them directly validates the model’ s ability to recover
ubstitution patterns. 

sing these experimental data, we show that both text and
mages contain useful information about substitution. Intuitively,
ook covers visually convey information about genre, while
escriptions and reviews capture plot details that identify similar
ooks even within the same genre. Our model selection algorithm
hooses a review-based mixed logit. This selected model improves
ounterfactual predictions of second choices relative to a standard
ttribute-based mixed logit. In fact, the improvement relative to
hat model is on par with the improvement that the attribute-
ased mixed logit achieves over plain logit without random
oefficients. Thus, using unstructured data alone, our approach
ecovers substitution patterns substantially better than standard
ttribute-based models. 

e further validate our approach using observational data from
0 product categories offered on Amazon.com, including gro-
eries, pet food, office supplies, beauty products, electronics,
ideo games, and clothing. We combine online purchases from
he Comscore Web Behavior panel with product images, titles,
escriptions, and reviews collected from Amazon’s product pages.
e show that text and images contain useful signals about sub-
titution in all studied categories, highlighting that our approach
s broadly applicable across markets. We find that text performs
est in some categories where images might seem ex ante more
elevant (e.g., clothing), and vice versa. Thus, it is helpful to
ollect both text and image data even when only one seems
elevant a priori. 

ur paper contributes to the extensive literature on demand
stimation. We build on papers that model substitution through
he heterogeneity of preferences over observed product attributes
Berry et al. 1995 ; McFadden and Train 2000 ; Nevo 2001 ;
erry et al. 2004 ). We show how researchers can incorpo-
ate unstructured data into these standard models to improve
stimation of substitution patterns. Our key contribution is to
alidate this approach extensively using both experimental and
bservational data. 

e also build on a vast computer science literature that trans-
orms unstructured data into lower-dimensional representations
Krizhevsky et al. 2012 ; Mikolov et al. 2013 ; Goodfellow et al.
016 ) and a growing economics and marketing literature that
pplies pre-trained deep learning models (Battaglia et al. 2024 ;
ew 2024 ). Unlike this prior work, which focuses on predicting
bserved outcomes, we aim to predict substitution patterns
ounterfactually—a crucial task for applications like merger sim-
lations and optimal pricing. Because substitution patterns are
sually unobserved, we cannot apply standard cross-validation
nd instead need to design an experiment to measure them. To
ur knowledge, we are the first to use such an experiment to
alidate demand models.4 
i
Several other papers leverage text and image data in demand
estimation. Quan and Williams ( 2019 ) and Lee ( 2024 ) incorporate
product images and textual descriptions as mean utility shifters.
Our approach models utility covariances and can thus capture
substitution patterns more flexibly. Han and Lee ( 2025 ) use
image data to estimate substitution among fonts and study
the effects of copyright protection policies. We contribute by
validating our approach on ground truth substitution patterns,
comparing counterfactual prediction performance across several
embedding models and types of unstructured data, and providing
practical guidance for demand estimation. Sisodia et al. ( 2024 )
extract interpretable product attributes from images and use them
to estimate preferences in a choice-based conjoint experiment.
Because our approach is easier to implement and scales better
across categories, it is preferable when researchers do not need
the extracted attributes to be interpretable. 

An alternative way to learn substitution patterns is to use survey
data. For example, Dotson et al. ( 2019 ) ask survey participants
to rate each product image and then incorporate rating corre-
lations as shifters of utility correlations into a demand model.
Similarly, Magnolfi et al. ( 2022 ) elicit relative rankings from
survey participants (e.g., “Product A is closer to B than to C”),
generate embeddings from these rankings, and use them in a
mixed logit model. Our approach complements these survey-
based methods but has the advantage of using only widely
available text and image data, thereby avoiding the need for costly
category-specific surveys. 

Our approach is well-suited for empirical applications that
require accurate and flexible estimates of product substitution.
This includes evaluating how horizontal mergers (Nevo 2000 ;
Federal Trade Commission 2022 ), new product launches (Haus-
man 1994 ; Petrin 2002 ), corrective taxes (Allcott et al. 2019 ;
Seiler et al. 2021 ), and trade restrictions (Goldberg 1995 ; Berry
et al. 1999 ) influence consumers’ choices and welfare through
changes in assortments and prices. It can also be used to study
how multi-product firms should optimize prices and promotions
(Hoch et al. 1995 ; Vilcassim and Chintagunta 1995 ). The approach
avoids the need to collect category-specific attributes, making it
easier to estimate demand across many categories (Döpper et al.
2024 ).5 Finally, this approach might be particularly useful for
estimating demand for creative goods—such as books, art, and
movies—where unstructured data is likely to capture product
differentiation more fully than observed attributes alone. 

2 Proposed Approach 

The proposed approach involves three steps: (1) extracting embed-
dings from images and texts, (2) reducing the dimensionality of
these embeddings using PCA, and (3) including the resulting
principal components into a standard attribute-based logit model
with random coefficients. 

2.1 Step 1: Extracting Embeddings From Texts 
and Images 

To extract information from product images, we compute low-
dimensional representations, embeddings , using pre-trained deep
The RAND Journal of Economics, 2026
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earning models. We use four convolutional neural networks:
GG19 (Simonyan and Zisserman 2015 ), ResNet50 (He et al. 2016 ),
nceptionV3 (Szegedy et al. 2016 ), and Xception (Chollet 2017 ).6
he key advantage of using pre-trained models is that it reduces
he computational burden of estimation while leveraging models
hat were trained on large-scale datasets and are known for their
trong performance in image classification tasks (Russakovsky
t al. 2015 ). Because these models perform well at distinguishing
isually similar objects, we expect embeddings to capture the key
isual features that differentiate products. Rather than commit-
ing to a single model, we perform model selection to determine
hich one best captures substitution patterns, as described
elow. 

e also extract information from texts, including product titles,
escriptions, and reviews. We use a bag-of-words model, which
epresents text as fixed-length vectors based on word counts, as
ell as a variation with a TF-IDF vectorizer.7 While these count
odels are relatively simple, we view them as useful benchmarks
ecause they can still detect attributes mentioned in textual
roduct descriptions. In addition, we employ two pre-trained
eep learning models: Universal Sentence Encoder (USE) (Cer
t al. 2018 ), and BERT Sentence Transformer (ST) (Reimers and
urevych 2019 ).8 Both USE and ST produce semantically mean-
ngful sentence embeddings and achieve excellent performance
n semantic textual similarity benchmarks (Cer et al. 2017 ). As
 result, they can identify when sellers or consumers describe
he same product attributes and functional benefits using similar
anguage, even if the exact words differ. 

.2 Step 2: Generating Principal Components 

lthough embeddings compress texts and images into lower-
imensional representations, they remain high-dimensional
ompared to the number of attributes typically included in
emand models. For example, incorporating 512-dimensional
GG19 embeddings into a random coefficients logit model would
equire prohibitively costly numerical integration over all dimen-
ions. We apply PCA to further reduce dimensionality (Backus
t al. 2021 ). 

CA is appealing for several reasons. Because embeddings are
rained on general-purpose datasets to classify images into broad
ategories, they contain variation that distinguishes each category
rom one another (e.g., laptops from tablets). By applying PCA
ithin each category, we downweight this common variation
nd focus on differences across products within that category.
dditionally, the resulting principal components are orthogonal
o each other, which avoids multicollinearity issues and thus
implifies estimation of logit demand models with random coef-
icients. 

.3 Step 3: Including Principal Components into 
 Demand Model 

e include principal components into a standard mixed logit
odel (Berry et al. 1995 ; 2004 ), estimating a separate random coef-
icient for each included component. Since each deep learning
odel and data type produces different principal components,
he RAND Journal of Economics, 2026
a key question is which to include in the demand model.9 We
perform model selection using in-sample 𝐴𝐼 𝐶 , which balances
model fit and complexity and can be interpreted as approximating
expected out-of-sample predictive performance (Akaike 1998 ). In
our experimental results, in-sample 𝐴𝐼 𝐶 strongly correlates with
counterfactual performance, justifying its use for model selection
(see Section 3.3 for a discussion and comparison to 𝐵𝐼 𝐶 and
cross-validation). 

Algorithm 1 describes our model selection procedure. We define
the candidate set as the variables for which random coefficients
may be included. In our applications, this set includes price and
the first 𝑃 principal components. We first estimate the plain logit
model without random coefficients ( 𝐾 = 0 ) and record its 𝐴𝐼 𝐶 .
For each 𝐾 ≥ 1 , we estimate all models with random coefficients
on 𝐾 candidate variables and retain the model with the lowest
𝐴𝐼 𝐶 . If this 𝐴𝐼 𝐶 is lower than that of the previously selected
model, we update the selected specification and increase 𝐾;
otherwise, we stop and select the previous model. We increase
𝐾 until 𝐴𝐼 𝐶 no longer improves. We repeat this procedure for
each specification—defined by data type and embedding model
(e.g., USE Reviews )—and choose the specification with the lowest
overall 𝐴𝐼 𝐶 . 

This algorithm avoids costly combinatorial search over all pos-
sible specifications. At the same time, it ensures that we do not
rely too heavily on the default ordering of principal components,
which reflects the explained variance of embeddings but need
not match how predictive they are of preferences. For example,
substitution patterns may be driven by the second and fourth
principal components. In this case, our approach may select a
model with random coefficients on those components, but not on
the first or third. 

2.4 Why Does This Approach Work? 

The key feature of our approach is that it uses text and images
as proxies for product attributes that shape substitution. Take
tablets, for example: product titles may reveal brand, screen
size, and camera resolution (e.g., “Apple iPad 10.2-inch 12MP
camera”); seller descriptions may highlight whether the tablet
is suitable for drawing or gaming; and consumer reviews may
3
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ention that a tablet is durable and child-friendly. Similarly,
hotos may showcase design features like color and casing style.
ur approach extracts this information in an automated way and
ses it to estimate substitution patterns. 

e interpret the relationship between embeddings and substitu-
ion as correlational. In particular, our approach does not assume
hat consumers directly consider product images or textual
escriptions when making choices. Under this interpretation, our
pproach is well-suited for counterfactuals where embeddings
an be held fixed, such as optimal pricing or merger simulations.
y contrast, it is less appropriate for counterfactuals that alter
roduct design or positioning and, in turn, the embeddings
hemselves. In such cases, researchers are required to estimate
he causal effect of embeddings on demand. Section 5.2 provides
dditional discussion. 

.5 Advantages Over Standard Methods 

ur approach has several advantages relative to the standard
ttribute-based methods. First, researchers typically select a lim-
ted set of attributes based on their prior knowledge of the market,
ften those that are easiest to quantify, or rely on attributes
upplied by data providers. Our approach avoids these subjective
hoices by automatically extracting information about product
ubstitution from unstructured data. Second, this approach
aptures visual design and functional benefits, which may
rive substitution but are difficult to capture through observed
ttributes. Lastly, we circumvent the need to collect category-
pecific attributes, which makes our approach more scalable. This
s valuable for researchers seeking to estimate demand and study
ompetition and pricing across many product categories. 

hen some data on observed attributes are available, researchers
an incorporate them into our approach. For example, they can
xpand the set of candidate variables in Algorithm 1 to include the
bserved attributes themselves or, when the number of attributes
s large, their principal components. In our experiment, adding
bserved attributes does not improve counterfactual predictions,
ndicating that the information in the attributes is subsumed by
he unstructured data. See Sections 3.3 and 5.1 for details. 

 Validation With Experimental Data 

ext, we validate our approach empirically. A key challenge is
hat substitution patterns are unobserved, so there is typically no
round truth against which to test model predictions. To address
his challenge, we design a choice experiment that provides such
 ground-truth measure of substitution. 

.1 Experiment Design 

.1.1 Choice Tasks 

ach participant completes two choice tasks. In the first choice
ask, a participant chooses one book from a set of ten alternatives.
e instruct participants to choose books they would purchase
f faced with this selection in a real bookstore. We limit the
 iv
number of options to ten to ensure participants pay attention
to most options, which allows us to abstract away from limited
consideration. After a participant selects a book, we remove it
from the list. The participant then proceeds to a second choice
task, where they choose among the remaining nine books. 

Figure 1 shows the choice task as presented to participants.
To give all models a fair chance at capturing substitution, we
display attributes (author, year, genre, pages), cover images, and
texts (plot description and five reviews), collected from Amazon
product pages.10 We take all books from Amazon’s bestseller lists,
sampling them in a way that does not bias our model comparisons
in favor of any particular specification (see Appendix B for
details). Lastly, we randomize book rankings and prices across
participants, keeping them fixed across choice tasks for the
same participant.11 This variation allows us to cleanly estimate
substitution patterns from only first choices and reserve second
choice data for validation (Berry and Haile 2024 ). 

The book category is well-suited for our analysis because partici-
pants are likely to consider both structured attributes (e.g., genre)
and unstructured information (e.g., plot descriptions). It is also
unclear a priori whether substitution patterns are better predicted
by images or texts—while texts describe rich plot details, cover
images contain clear cues of genres, and whether the book is
fiction or non-fiction (see Section 3.3 for further discussion). 

3.1.2 Recruitment and Sample Selection 

We recruited 10,775 participants from the online platform Prolific
between June 14 and June 27, 2024. This sample size is close
to our pre-registered target of 10,000, determined from power
calculations in a pilot experiment.12 Following the pre-registered
sample selection criteria, we excluded 14% of all participants
because they failed comprehension questions, did not complete
the survey, or spent less than one minute on the study, leaving a
final sample of 9265 participants. 

Because the choice tasks were hypothetical and not incentivized,
it is important to verify that participants made meaningful
selections. In Appendix C , we show that participants did not
rush through the survey, responded to changes in book rankings
and prices, and made choices consistent with their self-reported
genre preferences. 

3.2 Model Specifications and Estimation Results 

We compare our approach against two benchmark models: the
plain logit model and a mixed logit model with attributes. All
three models fall into a framework where the indirect utility of
participant 𝑖 from book 𝑗 is 

𝑢𝑖𝑗 = 𝛽′
𝑖 
𝑥𝑗 + 𝜃′

𝑖 
𝑃𝐶𝑗 + 𝛾 ⋅ rank 𝑖𝑗 + 𝛼𝑖 ⋅ price 𝑖𝑗 + 𝛿𝑗 + 𝜀𝑖𝑗 . (1)

Here 𝑥𝑗 are observed book attributes: genre dummies, publication
year, and length in pages—all attributes participants observe in
the choice tasks; 𝑃𝐶𝑗 are principal components extracted from
embeddings, price 𝑖𝑗 and rank 𝑖𝑗 are the price and position of
book 𝑗 in participant i ’s choice task, 𝛿𝑗 are product fixed effects,
The RAND Journal of Economics, 2026
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FIGURE 1 Example of a choice task in our experiment. 
Note: The screenshot displays the top portion of the page as it appeared to participants. 
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nd 𝜀𝑖𝑗 are i.i.d. taste shocks following a Type I Extreme Value
istribution. We include rank 𝑖𝑗 in the model because our experi-
ent induces random variation in the placement of books.13 This
ariation gives us an additional exogenous shifter that helps us
dentify substitution patterns, analogous to price variation. 

e estimate three demand models: 

1. Mixed Logit With Principal Components . We include
principal components 𝑃𝐶𝑗 , omit observed attributes 𝑥𝑗 , and
assume 𝛼𝑖 ∼ 𝑁(𝛼̄, 𝜎𝛼) and 𝜃𝑖 ∼ 𝑁(0 , Σ𝜃) with diagonal Σ𝜃 .14
We perform model selection as detailed in Algorithm 1 in
Section 2.3 , letting the set of candidate variables include price
and the first 𝑃 = 6 principal components.15 

2. Mixed Logit With Attributes . We include observed
attributes 𝑥𝑗 , omit principal components 𝑃𝐶𝑗 , and assume
𝛼𝑖 ∼ 𝑁(𝛼̄, 𝜎𝛼) and 𝛽𝑖 ∼ 𝑁(0 , Σ𝛽) with diagonal Σ𝛽 . We choose
the lowest 𝐴𝐼 𝐶 specification among all possible combinations
of random coefficients on price, publication year, length in
pages, and genre. 

3. Plain Logit . We include neither attributes 𝑥𝑗 nor principal
components 𝑃𝐶𝑗 , estimating only a constant price coefficient
𝛼𝑖 = 𝛼, rank coefficient 𝛾, and fixed effects 𝛿𝑗 . 

able 1 compares in-sample 𝐴𝐼 𝐶 . The best mixed logit specifica-
ion with attributes includes random coefficients on the number
f pages and year, reducing 𝐴𝐼 𝐶 by 16.0 relative to plain logit. The
est model with unstructured data, Reviews USE , puts random
oefficients on the first two principal components. This model
he RAND Journal of Economics, 2026
fits better than any other considered specification, reducing 𝐴𝐼 𝐶
by 24.8 relative to plain logit and by 8.8 relative to the best
attribute-based logit. While this superior fit is reassuring, it does
not guarantee better counterfactual performance. We therefore
turn to predicting second choices counterfactually. 

3.3 Validation Using Second Choice Data 

We assess how well different demand models predict second
choices counterfactually. Because second choices reveal which
books participants choose when their preferred option is unavail-
able, predicting them accurately requires a model that captures
substitution patterns well. Further, predicting second choices
is directly relevant in antitrust where second choice diversion
ratios are often used as measures of substitutability and price
competition (Conlon and Mortimer 2021 ). 

We first estimate each model via Maximum Likelihood Estima-
tion (MLE) using only first choices. We then use the estimated
model to predict counterfactual second choice diversion ratios,
𝑠𝑗→𝑘 , defined as the probability that the participant chooses
product 𝑘 in the second choice task conditional on having chosen
book 𝑗 in the first choice task. We compare these predictions with
diversions observed in the data, 𝑠𝑗→𝑘 , computing 𝑅𝑀 𝑆𝐸 as: 

𝑅𝑀 𝑆𝐸 =
√ 

1 

𝐽 ( 𝐽 − 1) 

∑
𝑗 

∑
𝑘≠𝑗 

(
𝑠𝑗→𝑘 − 𝑠𝑗→𝑘 

)2 
(2)
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TABLE 1 Comparison of models in terms of in-sample 𝐴𝐼 𝐶 on first choices. 

Model Random Coefficients 𝑨𝑰𝑪 𝚫𝑨𝑰𝑪

Plain logit None 41006.7 0.0 
Mixed logit with attributes Pages and year 40990.7 − 16.0 
Mixed logit with images (InceptionV3) Price, PC1, and PC6 40990.5 − 16.2 
Mixed logit with titles (ST) PC1 and PC5 40992.3 − 14.4 
Mixed logit with descriptions (USE) PC1 and PC5 40986.4 − 20.3 
Mixed logit with reviews (USE) PC1 and PC2 40981.9 − 24.8 

Note: The second column shows variables that have random coefficients in the selected specification. The last column shows the 𝐴𝐼 𝐶 reduction relative to 
plain logit. 

FIGURE 2 Comparison of models in terms of counterfactual 𝑅𝑀 𝑆𝐸 on second choices. 
Note: The two benchmarks in the first panel are the plain logit without random coefficients and the lowest- 𝐴𝐼 𝐶 mixed logit with random coefficients on 
observed attributes. The remaining specifications correspond to mixed logit models with random coefficients on principal components extracted from 

image or text embeddings. 
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reat
ince we do not use second choice data in estimation, lower
𝑀 𝑆𝐸 indicates better performance at counterfactual predic-
ions. Appendix D provides further details on how we compute
iversions 𝑠𝑗→𝑘 and 𝑠𝑗→𝑘 . 

igure 2 summarizes the validation results, while Table A1
eports 𝐴𝐼 𝐶 and 𝑅𝑀 𝑆𝐸 values for all estimated specifications.
he top panel in Figure 2 shows two benchmarks: the plain
ogit and the lowest- 𝐴𝐼 𝐶 mixed logit with attributes. The mixed
ogit with attributes reduces 𝑅𝑀 𝑆𝐸 by 11.7%, while our best-
itting Review USE model reduces 𝑅𝑀 𝑆𝐸 by 23% relative to
lain logit, significantly outperforming the mixed logit with
ttributes. This result illustrates the value of our approach.
e chose books for this study expecting observed attributes
ike genre to predict substitution well. Yet, by using unstruc-
ured data, we can match the counterfactual performance
 i
of the mixed logit with attributes and even further reduce
𝑅𝑀 𝑆𝐸 by 14%. This shows that our approach recovers substi-
tution patterns better than standard attribute-based methods in
this dataset. 

Although the model with product reviews performs best, in
general, performance varies widely across specifications. Below,
we discuss why some specifications recover substitution patterns
better than others. 

3.3.1 Images 

All four image models outperform the plain logit model, with the
selected (i.e., lowest- 𝐴𝐼 𝐶 ) model, InceptionV3, reducing 𝑅𝑀 𝑆𝐸

by 7.0% relative to plain logit. To understand why images predict
The RAND Journal of Economics, 2026
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FIGURE 3 Ten books used in our experiment. 
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ubstitution, consider the book covers used in our study (see
igure 3 ). Within the same genre, book covers often share similar
esign elements. For example, the covers of all three fantasy
ooks use dark, muted color palettes with metallic accents,
nclude symbolic elements such as skulls and swords that convey
anger or peril, and feature natural objects like twisted vines
nd golden roses. Similarly, the self-help books have minimalistic
ayouts and consistent color schemes, such as black-and-white
he RAND Journal of Economics, 2026
text on yellow backgrounds. Thus, image embeddings partly
encode books’ genres, which correlate with substitution patterns.

3.3.2 Texts 

All text models outperform the plain logit, and their relative
performance highlights several notable patterns. 
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irst, performance improves as we move from simple bag-of-
ords models to the more advanced USE and ST models. This
s particularly true for descriptions and reviews, which contain
etailed information about book plots but do not always use
he same words or phrases. Therefore, extracting substitution
atterns from text requires natural language models that can
ccurately measure semantic similarity. 

econd, performance improves as we include richer text data.
or instance, relative to the plain logit, the USE model
educes 𝑅𝑀 𝑆𝐸 by 4% using titles, 17% using descriptions,
nd 23% using reviews. This makes intuitive sense. Take
ystery books, for example. Titles may contain subtle genre
ues, hinting at characters in confined situations ( Housemaid ,
nmate ). Descriptions reveal further plot details, such as hidden
dentities, past relationships, and betrayals. Lastly, customer
eviews contain the richest information about a book’s style
nd pacing: for instance, readers may praise cliffhangers and
ntriguing twists, or critique pacing issues like slow starts or
ushed endings. 

.3.3 Extension: Combining Data Types 

f text, images, and attributes provide distinct signals of substi-
ution, combining them might improve fit and counterfactual
erformance. To explore this, we start from the selected Review
SE model and attempt to extend it in two ways: (1) by adding a
ombination of observed product attributes with random coeffi-
ients, or (2) by adding a combination of principal components
rom InceptionV3, the lowest- 𝐴𝐼 𝐶 image model. In each case,
e evaluate all subsets of added variables and estimate random
oefficients for these added variables, in addition to those already
ncluded in the selected Review USE model.16 We find that in
ll evaluated specifications, the variances of the added random
oefficients are zero. As a result, 𝐴𝐼 𝐶 increases and 𝑅𝑀 𝑆𝐸

oes not improve. This result suggests information is highly
orrelated across data types, with text providing the strongest
ignal of substitution. 

.3.4 What do Principal Components Capture? 

o better understand the variation captured by embeddings,
n Figure 4 we show book locations in the space of the
wo principal components selected into our best-performing
eview USE model. These principal components align with
ntuitive substitution patterns: the first one (horizontal axis)
eparates non-fiction on the left from fiction on the right,
hile the second (vertical axis) further distinguishes sci-
nce fiction from mystery. Crucially, the variation in these
rincipal components goes beyond separating genres. For
xample, The Housemaid and The Inmate are by the same
uthor, and The Serpent & The Wings and The Ashes & The
tar-Cursed King are from the same book series. The two
rincipal components detect this similarity from consumers’
eviews of these books. As evident from 𝑅𝑀 𝑆𝐸 comparisons
n Figure 2 , this additional variation helps recover substi-
ution patterns better and improves counterfactual predic-
ions. 
3.3.5 Implied Substitution Patterns 

To illustrate how our approach improves predictions of sub-
stitution patterns, in Table 2 we compare predicted second
choice probabilities with their counterparts observed in the
experimental data for three of the books. 

Panel A examines substitution patterns for the self-help book
Dopamine Detox . The two other self-help books are, by far, its
closest substitutes in the data. The plain logit model misidentifies
these substitutes, incorrectly predicting that people would switch
to books Please Tell Me and The Inmate —two popular books
with the largest market shares. The attribute-based mixed logit
correctly identifies Don’ t Believe Everything You Think as the
closest substitute but mispredicts the second one, likely due to its
over-reliance on estimated fixed effects. By contrast, our review-
based model is the only one that correctly predicts all five closest
substitutes in the correct order. 

Panel B shows a similar example with the substitutes for the
mystery book Please Tell Me . The plain logit model mispre-
dicts second choice probabilities, incorrectly suggesting that the
second-closest substitute is a self-help book. By contrast, both the
attribute-based mixed logit and our review-based logit capture
strong within-genre substitution, correctly identifying the top
three closest substitutes. Additionally, the review-based model
recognizes that The Inmate and The Housemaid have signifi-
cantly higher second choice probabilities than the third-closest
substitute—an insight that the attribute-based model misses. 

These examples illustrate that, beyond reducing 𝑅𝑀 𝑆𝐸 and pre-
dicting second choice probabilities more accurately on average,
our approach can learn which products are the closest substitutes.

Despite these favorable examples, our approach does not always
accurately capture substitution. Panel C shows an example where
the review-based model misidentifies the closest substitutes for
the fantasy book The Ashes & The Star-Cursed King . In fact, all
three models fail, incorrectly predicting mystery and self-help
books as the closest substitutes. These deviations from observed
second choices suggest that there is not enough variation in
the first-choice data to reliably estimate substitution patterns for
some alternatives. 

Finally, to illustrate how estimated substitution patterns affect
counterfactuals, we perform a stylized merger simulation in
Appendix E . We find that the selected review-based model
predicts substantially different post-merger prices than bench-
mark models. 

3.3.6 Relation Between In-Sample and Counterfactual 
Performance 

Although we select models based on first-choice 𝐴𝐼 𝐶 , our
experimental data allows us to verify whether this selection
algorithm indeed chooses specifications with the best counter-
factual performance. Two findings support our choice of 𝐴𝐼 𝐶
as a model selection criterion. First, across all specifications
with principal components considered by our model selection
algorithm, the correlation between first-choice 𝐴𝐼 𝐶 and coun-
terfactual second choice 𝑅𝑀 𝑆𝐸 is 0.78. Second, 𝐴𝐼 𝐶 selects the
The RAND Journal of Economics, 2026
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FIGURE 4 Book locations in the space of selected principal components (Review USE model). 

s  

c

L  

a  

T  

m

4

N  

m  

a  

s  

p  

p  

d

4

W  

B  

G  

u  

p  

m  

f  

z  

C

W  

f  

p  

w  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

T

 17562171, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1756-2171.70052 by Im

perial C
ollege L

ondon, W
iley O

nline L
ibrary on [30/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reati
pecification that has the lowest second choice 𝑅𝑀 𝑆𝐸 across all
onsidered specifications. 

astly, using 𝐵𝐼 𝐶 instead of 𝐴𝐼 𝐶 selects the same specification,
s does a five-fold cross-validation procedure on the first choices.
his reassures us that the key results are robust to the choice of
odel selection method. 

 Application to Online Retail Data 

ext, we apply our approach to choice data from several online
arkets. Our first goal is to show that this approach can be
pplied broadly across categories without being tailored. Our
econd goal is to determine which types of unstructured data best
redict substitution patterns in various categories and to offer
ractical guidance on what data researchers should collect for
emand estimation. 

.1 Data 

e use purchase data from the 2019-2020 Comscore Web
ehavior Panel. Specifically, we use the dataset constructed by
reminger et al. ( 2023 ), who classify over 12 million unique prod-
cts from Amazon.com—browsed or purchased by Comscore
anelists—into narrowly defined categories. This dataset also
atches purchases with daily product price histories obtained
rom the third-party database Keepa.com.17 We focus on Ama-
on.com due to the large volume of Amazon purchases in the
omscore dataset. 

e combine purchase data with image and text data we collected
rom Amazon product detail pages (Figure 5 ). We use the default
roduct photo for image embeddings. For text embeddings,
e use product titles, product descriptions (i.e., bullet points
he RAND Journal of Economics, 2026
describing the product), and 100 most recent reviews for each
product. In estimation, we treat text and image embeddings as
fixed over time. While sellers could theoretically modify images
and textual descriptions to reposition their products, we find that
product images, titles, and descriptions very rarely change over
time (see Appendix G ). 

We apply our method to 40 product categories spanning clothing
(shirts, blouses, underwear, sleepwear), household goods (paper
towels, trash bags, batteries), office supplies (pens, markers,
printing paper), groceries (tea, coffee, bottled water), pet food
(wet food, treats), electronics (tablets, monitors, headphones,
memory cards, media players), and video games (PC, Nintendo,
Xbox, PlayStation). We select the 15 most-purchased products
in each category and retain only those categories where these
products collectively account for at least 2000 purchases. These
selection criteria ensure that we can estimate product fixed
effects precisely, which helps capture time-invariant differences
across products, and that we have sufficient variation to estimate
substitution patterns. 

For four electronics categories, we collect standard attributes
from product detail pages to compare our approach with
attribute-based mixed logit: 18 attributes for “Tablets,” 13 for
“Monitors,” 20 for “Memory Cards,” and 14 for “Headphones”
(see Appendix F for a full list). 

4.2 Estimation Results 

We first compare our approach to benchmark models in the four
electronics categories for which we collected attribute data. Since
we have a relatively large number of attributes in these categories,
we reduce their dimensionality via PCA and apply Algorithm 1 for
9
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TABLE 2 Predicted second choice probabilities and their data counterparts. Letters in parentheses indicate book genres: F = Fantasy, M = Mystery, 
and S = Self-Help. 

Panel A. Predicted second-choice probabilities when first choice is Dopamine Detox (S) 

Experimental data Plain logit Attribute-based mixed logit Review-based mixed logit 

Book Prob. Book Prob. Book Prob. Book Prob. 

Don’t Believe (S) 0.353 Please Tell Me (M) 0.171 Don’t Believe (S) 0.220 Don’t Believe (S) 0.266 
Art of Letting Go (S) 0.249 The Inmate (M) 0.147 Please Tell Me (M) 0.153 Art of Letting Go (S) 0.169 
Please Tell Me (M) 0.112 Don’t Believe (S) 0.143 Art of Letting Go (S) 0.142 Please Tell Me (M) 0.134 
The Inmate (M) 0.094 The Housemaid (M) 0.139 The Housemaid (M) 0.134 The Inmate (M) 0.123 
The Housemaid (M) 0.057 Art of Letting Go (S) 0.106 The Inmate (M) 0.131 The Housemaid (M) 0.101 
Serpent & Wings (F) 0.042 Court of Ravens (F) 0.096 Court of Ravens (F) 0.101 Court of Ravens (F) 0.070 
Court of Ravens (F) 0.034 Serpent & Wings (F) 0.088 Serpent & Wings (F) 0.060 Serpent & Wings (F) 0.057 
The Ritual (M) 0.031 The Ritual (M) 0.057 The Ritual (M) 0.031 The Ritual (M) 0.043 
Ashes & Star (F) 0.030 Ashes & Star (F) 0.054 Ashes & Star (F) 0.027 Ashes & Star (F) 0.037 

Panel B. Predicted second-choice probabilities when first choice is Please Tell Me (M) 

Experimental data Plain logit Attribute-based mixed logit Review-based mixed logit 

Book Prob. Book Prob. Book Prob. Book Prob. 

The Inmate (M) 0.325 The Inmate (M) 0.153 The Inmate (M) 0.162 The Inmate (M) 0.173 
The Housemaid (M) 0.250 Don’t Believe (S) 0.149 The Housemaid (M) 0.151 The Housemaid (M) 0.169 
Don’t Believe (S) 0.088 The Housemaid (M) 0.145 Don’t Believe (S) 0.136 Don’t Believe (S) 0.115 
Art of Letting Go (S) 0.066 Dopamine Detox (S) 0.137 Dopamine Detox (S) 0.115 Court of Ravens (F) 0.107 
Serpent & Wings (F) 0.066 Art of Letting Go (S) 0.110 Art of Letting Go (S) 0.106 Serpent & Wings (F) 0.107 
Dopamine Detox (S) 0.063 Court of Ravens (F) 0.100 Court of Ravens (F) 0.102 Dopamine Detox (S) 0.101 
Court of Ravens (F) 0.058 Serpent & Wings (F) 0.092 Serpent & Wings (F) 0.100 Art of Letting Go (S) 0.095 
The Ritual (M) 0.056 The Ritual (M) 0.059 The Ritual (M) 0.064 The Ritual (M) 0.068 
Ashes & Star (F) 0.029 Ashes & Star (F) 0.056 Ashes & Star (F) 0.064 Ashes & Star (F) 0.063 

Panel C. Predicted second-choice probabilities when first choice is Ashes & Star (F) 

Experimental data Plain logit Attribute-based mixed logit Review-based mixed logit 

Book Prob. Book Prob. Book Prob. Book Prob. 

Serpent & Wings (F) 0.275 Please Tell Me (M) 0.159 Please Tell Me (M) 0.184 Please Tell Me (M) 0.176 
Court of Ravens (F) 0.243 The Inmate (M) 0.136 The Inmate (M) 0.158 The Housemaid (M) 0.152 
The Inmate (M) 0.105 Don’t Believe (S) 0.133 The Housemaid (M) 0.138 The Inmate (M) 0.150 
The Ritual (M) 0.082 The Housemaid (M) 0.129 Serpent & Wings (F) 0.123 Court of Ravens (F) 0.117 
Please Tell Me (M) 0.080 Dopamine Detox (S) 0.122 The Ritual (M) 0.097 Serpent & Wings (F) 0.104 
The Housemaid (M) 0.070 Art of Letting Go (S) 0.098 Court of Ravens (F) 0.086 Don’t Believe (S) 0.086 
Don’t Believe (S) 0.052 Court of Ravens (F) 0.089 Don’t Believe (S) 0.081 Dopamine Detox (S) 0.080 
Art of Letting Go (S) 0.048 Serpent & Wings (F) 0.082 Art of Letting Go (S) 0.071 Art of Letting Go (S) 0.072 
Dopamine Detox (S) 0.045 The Ritual (M) 0.053 Dopamine Detox (S) 0.061 The Ritual (M) 0.063 
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odel selection.18 As in Section 3 , we let the candidate set include
rice and the first 𝑃 = 6 principal components. 

able 3 shows the results. In all four categories, unstructured
ata meaningfully improves model fit relative to both plain logit
nd attribute-based mixed logit, suggesting that our approach
aptures information about substitution patterns beyond that
0

contained in standard attributes. This finding is particularly
noteworthy given that one might expect technical specifica-
tions of electronics products—captured by our extensive list of
attributes—to be highly relevant for consumer choices. 

These performance differences translate into different substi-
tution patterns. For example, consider diversion ratios for the
The RAND Journal of Economics, 2026
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FIGURE 5 Example: image and text data collected from product detail pages. 

TABLE 3 𝐴𝐼 𝐶 comparison of our approach and attribute-based mixed logit. The table reports the 𝐴𝐼 𝐶 of the specification selected by Algorithm 

1 within each class of demand models. 

𝑨𝑰𝑪 𝚫𝑨𝑰𝑪 relative to plain logit 

Category: Tablets 
Mixed logit with attributes 4293.2 − 54.9 
Mixed logit with unstructured data 4236.6 − 111.5 
Category: Monitors 
Mixed logit with attributes 1376.4 − 12.3 
Mixed logit with unstructured data 1366.4 − 22.4 
Category: Memory cards 
Mixed logit with attributes 2709.3 − 72.6 
Mixed logit with unstructured data 2685.1 − 96.8 
Category: Headphones 
Mixed logit with attributes 9882.0 − 4.5 
Mixed logit with unstructured data 9875.8 − 10.7 

The RAND Journal of Economics, 2026 11
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FIGURE 6 Estimated diversion ratios to closest substitutes. 
Note: This figure plots the estimated diversion ratios to the closest substitutes, max 𝑘 𝑠𝑗→𝑘 , averaged across products 𝑗 in each category. 

c  

l  

s  

a  

1  

m  

i  

w  

d  

i

N  

o  

r  

A  

o  

s  

o  

a  

T  

s  

o

A  

d  

l  

t  

a  

d  

t  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1

 17562171, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1756-2171.70052 by Im

perial C
ollege L

ondon, W
iley O

nline L
ibrary on [30/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reati
ategory of tablets (see Tables A2– A4). Relative to the plain
ogit, the selected Description ST model produces more intuitive
ubstitution patterns: kids’ tablets are close substitutes (Fire Kids
nd Fire HD8 Kids), iPads are close substitutes (iPad 9.7 and iPad
0.2), and so on. The predicted diversions in this model also differ
arkedly from those in the mixed logit with attributes. However,
n the absence of second choice data, we cannot directly test how
ell different models predict diversions counterfactually, as we
o in Section 3 . We therefore rely on the fit comparisons reported
n Table 3 , which favor the Description ST model. 

ext, we expand the analysis to all 40 categories. Because
bserved attributes are not available in all of them, we benchmark
esults against the plain logit model (see Table A5 and Figure A6).
s a rule of thumb, we consider a model to have strong support
ver a simpler model if it lowers 𝐴𝐼 𝐶 by at least 2.0, and very
trong support if it lowers 𝐴𝐼 𝐶 by at least 5.0.19 We find that
ur approach reduces 𝐴𝐼 𝐶 by at least 5.6 in every category. On
verage, the reduction is 23.3, reaching 111.5 in some categories.20
hese results suggest that our approach consistently captures
ignals of substitution from unstructured data across a wide range
f categories. 

 well-known limitation of the plain logit is that diversion ratios
epend only on market shares rather than attribute similarity,
eading to overly flat diversions (Conlon et al. 2023 ). Figure 6 plots
he estimated diversion ratio to the closest substitute, max 𝑘 𝑠𝑗→𝑘 ,
veraged across products 𝑗. The plain logit yields relatively small
iversions, about 22% on average, while our approach increases
his average to 47% and, in some categories, to as high as 60-80%.
2

These results indicate that our approach produces substantially
more variable diversion ratios, suggesting it better identifies
close substitutes. 

4.3 Relevance of Different Data Types 

Lastly, we analyze which types of unstructured data yield the
largest fit improvements. It would be misleading to report only
the best-performing model in each product category, as multiple
text or image models may achieve similar 𝐴𝐼 𝐶 improvements
over plain logit. We therefore follow the statistical literature
on model selection and report Akaike weights (Burnham and
Anderson 2004 ). Formally, let 𝑑 denote data type (images, titles,
descriptions, or reviews), and let 𝐴𝐼𝐶𝑑 denote the lowest 𝐴𝐼 𝐶
among all specifications that use data type 𝑑. For each data type
𝑑, we compute the Akaike weight 𝑤𝑑 as 

𝑤𝑑 =
exp ( − Δ𝑑 ∕2) ∑
𝑘 
exp ( − Δ𝑘 ∕2) 

(3)

where the summation in the denominator is over all four data
types, Δ𝑑 = 𝐴𝐼𝐶𝑑 − 𝐴𝐼𝐶𝑚𝑖𝑛 , and 𝐴𝐼𝐶𝑚𝑖𝑛 = min 𝑑 𝐴𝐼𝐶𝑑 is the low-
est 𝐴𝐼 𝐶 across all four data types. We interpret 𝑤𝑑 heuristically as
the posterior probability that the mixed logit model based on data
type 𝑑 is the best model given the data.21 

Figure 7 shows the estimated Akaike weights by category and
data type, revealing substantial variation across categories. Many
results are difficult to anticipate a priori . For example, although
The RAND Journal of Economics, 2026
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FIGURE 7 Akaike weights of different types of unstructured data across 40 product categories. 
Note: These weights reflect the relative performance of data types in capturing substitution patterns from choice data. We compute Akaike weights using 
the formula in ( 3 ). 

o  

o  

“  

B  

s  

w  

i  

c  

“

T  

w  

t  

s

5
I

I  

a  

S  

a  

f

5

T  

d  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

T

 17562171, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1756-2171.70052 by Im

perial C
ollege L

ondon, W
iley O

nline L
ibrary on [30/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reati
ne might expect visual features to be most relevant for clothing,
nly two of the five clothing categories (“Activewear” and
Sleep”) place more weight on images than text. In “Tops &
louses” and “Underwear,” product titles are most predictive of
ubstitution, while in “Shirts,” reviews perform best. Similarly,
e may expect descriptions and reviews of video games to be most
nformative, analogous to books. In practice, we find that images
ontain substantially more information about substitution in the
Video Games Xbox” category. 

hese results highlight that researchers cannot reliably predict
hich data types best capture substitution. In practice, it is
herefore important to collect multiple data types and use model
election to choose the one that best captures substitution. 

 A Practitioner’s Guide for Using Text and 

mages 

n this section, we provide guidance for practitioners interested in
pplying our method. We highlight several practical lessons from
ections 3 and 4 , clarify which counterfactuals our approach can
nd cannot accommodate, and suggest promising directions for
uture research. 

.1 Data Choice and Model Selection 

he main takeaway from our results is that text and image
ata contain valuable information about substitution patterns,
he RAND Journal of Economics, 2026
making these unstructured data useful for demand estimation.
At the same time, our multi-category analysis in Section 4 shows
that researchers may not be able to predict in advance which
data type will best capture substitution in a given category. We
therefore recommend collecting various types of unstructured
data and performing model selection as in Sections 3 and
4 . Algorithm 1 in Section 2 provides a practical heuristic for
model selection: in our experiment, it successfully identifies
the specification that produces the best counterfactual second
choice predictions. 

A natural question is whether researchers should add observed
attributes to our approach when they are available. In our appli-
cation, adding observed attributes to the selected review-based
model does not improve fit (see Section 3.3 ). One explanation
is that unstructured data may already encode the choice-
relevant attributes, rendering structured attributes redundant.
Nevertheless, in other applications, researchers may still want
to test whether including observed attributes helps estimate
substitution patterns. For example, researchers can expand the
set of candidate variables in Algorithm 1 to include the observed
attributes themselves or, when many attributes are available, their
principal components. 

5.2 Counterfactual Analysis and Its Boundaries 

Our approach is well suited for applications that assess con-
sumer responses to price changes while holding embeddings
13
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ixed, including optimal pricing, merger simulations, corrective
axes, and markup estimation (Berry and Haile 2024 ). In these
pplications, embeddings may be correlated with prices in the
bserved data, but they, and hence the demand system, should
e held fixed in counterfactual simulations. Under this assump-
ion, researchers can compute counterfactual market shares,
rices, and welfare using standard tools from demand analysis.
or instance, consumer welfare can be computed as the area
nder the demand curve (Small and Rosen 1981 ). The fact that
mbeddings have no direct interpretation does not preclude
hese analyses. 

ur approach can also predict responses to changes in product
vailability, for example, to study firms’ assortment choices or
onsumer surplus from new products (Petrin 2002 ). If new
roduct launches are observed in the data, researchers can apply
ur method directly, since our results show it performs well at
redicting consumer responses to product removals. On the other
and, when evaluating a hypothetical new product, researchers
ust construct its embeddings from pre-launch information,
uch as images and descriptions from marketing materials or
arly retailer listings. 

y contrast, our approach is less suitable in applications where
mbeddings may change in counterfactuals. For example, if
ustomer reviews mention value relative to price (e.g., “Great
uality for the price!” or “Good product, but overpriced.”), embed-
ings constructed from them may shift when prices change.
esearchers can diagnose this issue by checking how frequently
rice-related language appears in reviews and, if necessary, mod-
ling how price changes affect embeddings. Another example
s simulations of mergers that may induce firms to redesign
roducts, which would alter embeddings and hence substitu-
ion patterns. Studying such mergers is not possible with our
pproach unless researchers impose additional assumptions on
irm conduct and on how embeddings map into attributes that
irms can control. 

.3 Future Research Directions 

ur paper shows that text and image data contain valuable
nd easily extractable information for estimating substitution
atterns. This finding opens several promising directions for
uture research. 

irst, newer ML models might extract substitution patterns
rom texts and images more effectively. For example, Qwen3,
penAI, and Gemini text embeddings perform consistently well
cross diverse natural language tasks and may thus generalize to
emand estimation (Lee et al. 2025 ; Zhang et al. 2025 ). Because
ur method is modular, researchers can easily try alternative
mbeddings and test whether that improves performance. In
ddition, researchers can fine-tune existing models to construct
mbeddings optimized for counterfactual predictions. An open
uestion is how much fine-tuning improves upon pre-trained
odels and whether these gains come without excessive com-
utational costs. To facilitate future research on alternative
mbedding models, we make our experimental dataset and
stimation code publicly available.22 
4

Second, our method incorporates embeddings into the demand
model as if they were the true attributes driving substitution,
when in practice embeddings may be only imperfect proxies of
these attributes. Our results show that, despite this limitation,
embeddings are sufficiently informative to improve counterfac-
tual predictions. Nevertheless, future research should explore
whether explicitly accounting for error in these proxies can
further improve performance. For an early contribution in this
area, see Christensen and Compiani ( 2026 ). 

Third, other demand models may leverage unstructured data
more effectively. In an earlier version of this paper, we tested
the pairwise combinatorial logit model of Koppelman and Wen
( 2000 ), which allows pairwise utility correlations to depend on
distances in the embedding space. That model performed worse
than mixed logit, not only when using unstructured data but also
when using distances in observed attributes, suggesting that func-
tional form assumptions can significantly impact counterfactual
performance. A fruitful direction for future research might be to
combine unstructured data with more flexible demand models,
such as that in Compiani ( 2022 ). 

Finally, because our focus is on recovering substitution patterns,
we largely abstract away from price endogeneity. Endogeneity is
not a concern in our experiment because we randomize prices.
In the e-commerce application, we rely on product fixed effects
to capture unobserved attributes (e.g., quality) that may correlate
with prices. More generally, prices may correlate with unobserved
demand shocks that vary across markets and over time. To
address this, one could combine our approach with existing
methods for handling price endogeneity using instrumental
variables (Goolsbee and Petrin 2004 ; Berry et al. 2004 ).23 

6 Conclusion 

In this paper, we show how researchers can incorporate unstruc-
tured text and image data in demand estimation to recover
substitution patterns. Our approach extracts low-dimensional
features from product images and textual descriptions, inte-
grating them into a standard mixed logit model with random
coefficients. Using experimental data, we show that our approach
outperforms standard attribute-based models in counterfactual
predictions of second choices. We further validate our method
with e-commerce data across dozens of categories and find that
text and image data consistently help identify close substitutes
within each category. 
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ndnotes 
1 This criticism of attribute-based models has a long history in the
economics literature. For example, Hausman ( 1994 , 229) skeptically
remarks that applying such models to French champagne choices
would require researchers to somehow quantify the bubble content. 

2 The package is available on PyPI and in the public GitHub repos-
itory: https://github.com/deep- logit- demand/deeplogit . Our package
heavily borrows from the existing package Xlogit for GPU-accelerated
estimation of mixed logit models, developed by Arteaga et al.
( 2022 ). 

3 We refer to second choice predictions as “counterfactual predictions”
in the sense that second choices are not used during estimation, which
is based solely on first choices. 

4 Berry et al. ( 2004 ) show that second choice data are useful for esti-
mating substitution patterns, and Conlon et al. ( 2023 ) estimate demand
from aggregate data on first-choice probabilities and a subset of second-
choice probabilities. Conceptually, our validation approach reverses the
logic of these papers: we only use first-choice data for estimation and
reserve second choices for model validation. In a similar spirit to our
approach, Raval et al. ( 2022 ) use hospital closures induced by natural
disasters to compare the ability of various models to predict diversions.

5 Döpper et al. ( 2024 ) remark that estimating demand across multiple
categories “would be difficult to implement at scale because it would
require category by-category assessments about which characteristics
are appropriate to include and whether or not relevant data are
available.” Our approach can address this problem if researchers have
access to unstructured data. 

6 These models were originally trained to classify images into labeled
categories (e.g., “cup,” “book,” or “sofa”). However, since our goal is not
to label products but to measure visual features that distinguish them
from each other, we remove the classification layer from these models
and work directly with embeddings. 

7 TF-IDF assigns more weight to words that are frequent in a specific
text but rare across others, thus emphasizing unique words. This makes
it more likely that text embeddings capture distinctive words that
differentiate products from one another. 

8 The model trained by Reimers and Gurevych ( 2019 ) is a more efficient
version of the widely used BERT network (Devlin et al. 2018 ). 

9 While we could select the specification that best matches observed
second choices in our experiment, this strategy is unavailable to most
researchers who usually only have first-choice data. We thus propose a
model selection algorithm that relies solely on first choices. 

10 We collect the first five reviews displayed on each product detail page
at the time of data collection. 

11 Prices were drawn from a discrete uniform distribution ranging from $3
to $7. 

12 The pre-registration document can be accessed at https://tinyurl.com/
ekjp4pfp . At the time of pre-registration, we planned to estimate a
different choice model—the pairwise combinatorial logit (PCL) model
from Koppelman and Wen ( 2000 )—which generalizes the logit model
by allowing utility correlations across product pairs. We switched to
a mixed logit model at a later stage because we found it to perform
better. We adhered to our pre-registered protocol for all key aspects
of survey design, including sample size, sample selection, and choice
task construction. 

13 We do not include a random coefficient on rank 𝑖𝑗 in any model
specification because our focus is on estimating substitution patterns
using observed characteristics or principal components. 

14 Since the principal components do not vary over time, the mean of
𝜃𝑖 is absorbed by the product fixed effects 𝛿𝑗 . The same holds for the
mean of 𝛽𝑖 in the mixed logit model with attributes. In addition, we
include the mean price coefficient 𝛼̄ in all specifications, regardless
he RAND Journal of Economics, 2026

at
of whether the random coefficient on price is selected by the model
selection algorithm. 

15 The first six principal components together explain 70%–80% of the
variance in embeddings (Figure A5). 

16 We chose this approach because including all principal components
from unstructured data and all observed attributes in the candidate set
for Algorithm 1 would be too computationally burdensome. 

17 We do not observe product rankings, so we do not include them in our
demand models. 

18 We normalize each attribute to have mean zero and variance one before
applying PCA to prevent attributes with larger variance or units from
dominating the principal components. 

19 When a simpler model is nested within a more complex one with
only one additional parameter, applying these 𝐴𝐼 𝐶 thresholds is
approximately equivalent to conducting a likelihood ratio test at the 5%
and 1% significance levels. In this case, the reduction in 𝐴𝐼 𝐶 is given
by Δ𝐴𝐼𝐶 = 2 − 𝜆𝐿𝑅 , where 𝜆𝐿𝑅 is the likelihood ratio statistic, meaning
the Δ𝐴𝐼 𝐶 thresholds of 2.0 and 5.0 correspond to the likelihood ratio
thresholds 4.0 and 7.0 ( p -values 0.0455 and 0.008). 

20 In some categories, our estimates of the price coefficient 𝛼 are positive,
likely due to correlation between prices and unobserved demand
shocks, even after accounting for product fixed effects. While instru-
mental variables could address this, we do not pursue this approach,
as addressing price endogeneity across many product categories is
orthogonal to the contribution of our paper. Instead, we focus on
counterfactuals, such as the diversion ratios from removing a product,
which remain valid even if the price coefficient is positive. 

21 More precisely, in large samples, 𝑤𝑑 reflects the probability that this
class of models is, in fact, the best model for the data in the sense of
Kullback-Leibler information (Burnham and Anderson 2004 , 272). 

22 Replication codes and experimental data are available in our pub-
lic repository: https://github.com/ilyamorozov/DeepLogitReplication .
Separately, the Python package for implementing our method is avail-
able on PyPI and at: https://github.com/deep- logit- demand/deeplogit . 

23 For example, one could estimate product-market fixed effects and
random coefficient variances via maximum likelihood, and then esti-
mate a two-stage least squares regression of the estimated fixed effects
on prices and principal components. The principal components of
competing products could serve as excluded instruments for prices. 
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