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Abstract

Measuring real GDP growth requires distinguishing changes in prices from changes in product
quality and composition, yet systematic quality adjustment of price indexes is unavailable for much of
the twentieth century. We construct a new quality-adjusted price index for U.S. consumer goods using
5.1 million product listings from Sears catalogs, 1900-1990. We use large language models to extract
product information and estimate hedonic price schedules from high-dimensional text embeddings,
allowing us to infer annual changes in the cost of living. The resulting cost-of-living index implies
substantially lower goods inflation than conventional deflators, and consequently implies much faster
real economic growth: between 1900 and 1990, real goods consumption grew by a factor of 39 using
our index, compared with a factor of 10.3 using standard goods deflators. The gap between our
index and canonical ones is largest before World War 11, reversing the conventional view that goods
consumption growth was slower before 1945 than in the post-war decades.
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Emi Nakamura, Christina Romer, David Romer, David Weinstein, Ivin Werning, Chris Wolf and workshop participants at
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1 Introduction

The period of most transformative growth in modern US history is also amongst the least understood.
Economic historians have emphasized the century from roughly 1870 to 1970 as an exceptional episode
in American economic growth (Gordon, 1999; Abramovitz and David, 2000; Gordon, 2016). There is less
agreement about how or when that growth took place. Conventional estimates place the peak of real
output and measured productivity growth in the two decades after World War 1l (Barro, 1991; Gordon,
1999), while qualitative accounts emphasize substantial technological progress before the war (Gordon,
2016). Progress on this question has been slow in large part because high-quality price data are scarce
for most of this period. As Gordon (1999) puts it, \the history of price changes from 1914 to 1947 [is]
the black hole where little is known." This paper sheds light on that black hole.

Economists have long recognized that accurate price measurement is essential for welfare comparisons.
A 1915 Bureau of Labor Statistics (BLS) report lamented that \men did not attempt to measure changes
in the level of prices until after they had learned to measure such subtle magnitudes as the weight of
the atmosphere, the velocity of sound, uctuations of temperature, and the precession of the equinoxes"
(United States Bureau of Labor Statistics, 1915). Rapid in ation during World War | made price
measurement especially salient, and the BLS responded by introducing the Consumer Price Index (CPI),
which aims to be a nationally representative measure of the cost of living. How prices are measured
shapes much of what we know about growth. Nominal U.S. Gross Domestic Product grew by a factor of
nearly 500 over the twentieth century, but the CPI attributes 44% of average annual nominal growth to
changes in the cost of living aloné-

There is a long-standing concern, however, that the CPI has historically overstated in ation by failing
to fully account for changes in the quality of consumer goods and services (Boskin et al., 1998). The
quality of goods available to consumers has improved dramatically in the last century. A refrigerator in
1900 was a large wooden box, much of it taken up by a compartment that held blocks of ice to keep the
rest cold. By the 1930s, households could purchase electric refrigerators, which continued to improve
over the century as they added features such as ice makers and water dispensers. Mattresses, often
lled with cotton felt, sea moss, or horsehair in the early 1900s, improved markedly over the century
through better spring systems and the introduction of foam and latex for greater support and comfort.
Innovations in textiles led to softer fabrics, machine-washable clothing, and elastic materials. More
broadly, almost every aspect of the American consumer landscape was transformed (Gordon, 2016). In
the 1990s, the Bureau of Labor Statistics (BLS) revised the CPI methodology to account for quality
change in a subset of goods and extended some of these revisions back to 1978, but for much of the
earlier period there was e ectively no explicit quality adjustment. 2

This paper constructs a new quality-adjusted price index for U.S. consumer goods over the twentieth
century. We digitize a nearly complete run of Sears general merchandise catalogs from 1900 to 1990,
containing approximately 5.1 million product listings. For each product category and year, we estimate
hedonic price schedules from high-dimensional text embeddings of the product descriptions, then
aggregate these estimates into a quality-adjusted price index. We present two main results: rst, the
overall rise in the standard of living over the twentieth century was much larger than conventional
estimates suggest. Using existing price indexes for consumer goods, real goods consumption grew by a
factor of 10.3 between 1900 and 1990; using our quality-adjusted goods index, it grew by a factor of
39. This revision is driven by changes in the quality of retail goods. Unadjusted prices, which track
average price changes within each category of goods, rise much more than quality-adjusted prices: quality
improvements account for roughly half of the cumulative rise in unadjusted prices between 1900 and
1990. Existing BLS-based goods price indexes track our unadjusted series much more closely than our

! We obtain data on long-run GDP from the Macrohistory Database (Jorca et al., 2017). We obtain historical CPI data
from the Minneapolis Federal Reserve Bank.
2 We describe the BLS methodology in detail in Section A.3.


https://www.minneapolisfed.org/about-us/monetary-policy/inflation-calculator/consumer-price-index-1800-
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guality-adjusted series, suggesting that conventional de ators miss a quantitatively important component
of quality growth. Carried through to real growth, the di erence implies that goods consumption rose
about 1.2 percentage points faster per year than existing de ators record; for the period of 1900-1939,
the di erence is much larger with an annual average of 2.3 percentage points. By 1990, real goods
consumption is therefore roughly four times higher relative to 1900 under our quality-adjusted index
than under existing de ators.

Our second main result is that a substantial share of 20th century output and productivity growth
took place before World War II. According to existing price indexes, real goods consumption growth
peaked in the postwar decades: average annual growth was 2.3% from 1900 to 1939 and 3.1% from 1946
to 1980. Replacing the conventional goods de ator with our quality-adjusted Sears index reverses this
pattern. We estimate average annual real goods consumption growth of 5.4% for 1900-1939 and 4.2% for
1946-1980. We nd similar patterns for multi-factor productivity. Our estimates therefore suggest that
the era of fastest growth was in the prewar, not postwar, contrary to conventional estimates.

The Sears catalogs provide an unusually rich source for historical price measurement. Sears was the
largest retailer in the US for most of the 20th century and published two general merchandise catalogs
per year, in the spring and fall, as well as a Christmas catalog. These catalogs listed nationally posted
prices for a broad range of consumer goods and described products in considerable detail. We digitize a
nearly complete collection of these catalogs from 1900 to 1990 and use large language models to extract
structured product records from the catalog pages.

Building on a long tradition of empirical work, we use hedonic methods to construct a cost-of-living
index for US consumer goods. Hedonic methods are especially useful in settings like ours for which we
have rich data on product prices and characteristics but very limited data on quantities of goods sold.
For each product listing, we map the full description into a high-dimensional vector representation and
estimate price schedules separately by year and product class using ridge regressions. This approach
retains the economic logic of the hedonic tradition while relaxing the need to hand-code a small number
of product attributes. It is especially useful in historical settings, where quality-relevant information is
often contained in unstructured text and where the relevant attributes di er sharply across categories.
The method is close in spirit to recent work using machine learning to estimate hedonic price indexes
(Bajari et al., 2025; Ehrlich et al., 2026). We then aggregate estimates from hedonic regressions into a
consumer goods price index using nationally representative weights. Under general conditions outlined
in Pakes (2003), the resulting quality-adjusted index approximates the true change in the cost of living
to rst order. If anything, this interpretation understates the welfare gains from quality improvement,
since the second-order bias goes in the direction of overstating the cost of living.

Interpreting our estimates as changes in the cost of living for consumer goods rests on three empirical
requirements: the embeddings must capture price-relevant product characteristics, those characteristics
must remain su ciently comparable across adjacent years, and Sears must be informative about broader
movements in retail prices for consumer goods. Across alternative speci cations, samples, and text
representations, the quality-adjusted index remains close to our baseline.

We rst assess whether the embeddings recover price-relevant product characteristics. Our approach
replaces traditional hand-coded characteristics with high-dimensional text embeddings, allowing the
hedonic regression to capture a much richer description of product attributes. We estimate separate
hedonic models by year and product category, using ridge regularization to discipline the high-dimensional
speci cation. These models t prices well: the median out-of-sampleR? across year-category regressions
is 0.94, suggesting that we capture most price-relevant characteristics. Moreover, our results are robust
to alternative speci cations, such as using principal components of the embeddings instead of ridge
regularization. On a subsample of products, we hand-code price-relevant attributes and estimate a
traditional linear hedonic regression, which yields similar estimates. We also provide evidence that
our hedonic regressions capture welfare-relevant characteristics rather than marketing language. In
particular, we construct alternative embeddings after removing promotional phrases and subjective
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adjectives, such as \beautiful" or \superb." The resulting price index is very similar to the baseline and,
if anything, implies slightly lower in ation. This suggests that our results are not driven by advertising
language embedded in the product descriptions.

We next assess whether changing product characteristics undermine comparisons across adjacent
years. Hedonic methods assume that even if the mix of products changes over time, the set of underlying
characteristics available in the base period continue to exist in the next year. This assumption does not
hold exactly: certainly some characteristics disappeared from the catalog as they became obsolete. If,
however, characteristics are rare by the time they disappear, their loss should not a ect our estimates.
Using the text descriptions, we identify products with no close counterpart (i.e., exiting goods) in the
following year (11 percent of goods) and recompute the index excluding them. The results are e ectively
unchanged.

We nally assess whether Sears is informative about broader movements in retail prices for consumer
goods. Sears was the largest retailer in the US for most of the twentieth century, accounting for about 6%
of retail sales, and it sold a broad range of consumer durables and household goods, serving consumers
nationwide. Its share of retail output in the post-World War |l period was comparable to that of
Amazon today. As an additional check, we construct a parallel quality-adjusted price index using J.C.
Penney catalogs for 1969{1982. J.C. Penney was also a major national retailer, but served a higher-end
segment of the market. The two catalog-based indexes are very similar over their period of overlap. This
comparison suggests that the main results are not speci c to Sears and are informative about broader
movements in retail prices for consumer goods.

Beyond estimating aggregate quality change, the richness of the catalog descriptions allows us to
isolate speci ¢ margins along which quality improved. Materials account for about one-third of total
measured quality improvement, through both new synthetic bers such as nylon and spandex and the
application of existing materials to new uses, such as porcelain enamel on stoves. Electri cation was
another major margin: by 1939, half of the refrigerators and washing machines in the Sears catalog
were electric, and after the war the share quickly reached 100%. Although quality changes are typically
positive, economic theory predicts that during severe recessions, quality should fall as households
substitute away from luxury goods (Fajgelbaum et al., 2011). This is exactly what we nd. At the onset
of the Great Depression, measured quality fell by seven percent over three years, as Sears shifted toward
smaller and lower-quality versions of products it had previously o ered. This episode provides further
evidence that the quality upgrading we measure using hedonic regressions is capturing real shifts in the
economy.

We also compare our index to price indexes for other advanced economies and nd that measured
convergence between Europe and the United States after World War Il depends crucially on price
measurement. Using catalog data from La Redoute, a large French mail-order retailer, we provide
suggestive evidence that quality upgrading in French consumer durables was much faster than in the US
in the 1970s and 80s, so French CPI bias may have been high as well. As an extreme test, we de ate
both French and US consumption with our quality-adjusted Sears index, which assumes true prices
evolved similarly in the two countries; the France{US gap in average annual real consumption growth
over 1950{1990 widens from 1.7 to 7.5 percentage points.

Our Sears-based estimates cover non-perishable consumer goods but not housing, food, or services.
To assess the aggregate implications, we combine our index with existing price indexes for these other
sectors and compare aggregate real consumption growth under two alternative consumer-goods de ators:
the existing BLS index and our quality-adjusted Sears index’> Holding housing, food, and services xed,
our adjustment still is consequential for changes in total consumption. Using the standard BLS index,

3 We do not include investment goods, which Gordon (1990) shows saw much more dramatic quality improvement than
retail goods, so price index bias for total GDP is likely higher than for total consumption. For the pre-1935 period, when
to our knowledge no service-price series is available, we estimate service in ation using a two-sector goods-services model
disciplined by the relationship between relative prices and relative employment.
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U.S. real total consumption grew by a factor of 13.3 between 1900 and 1990; using ours it grew by a
factor of 19.8 | an average of 0.51 percentage points per year.

Related Literature This paper contributes to the literature on measurement of long-run growth in

the U.S. and other advanced economies. Gordon characterizes the twentieth-century transformation of
the US economy as \one big wave" that peaked in the decades after World War Il (Gordon, 1999). This
nding stands in contrast to evidence that key technologies had di used well before the war. For example,
by 1925, 89.5% of U.S. manufacturing establishments reported using electric power equipment (Du Bo,
1967; Devine, 1983 David (1990) reconciles slow measured growth with rapid technological change by
appealing to di usion lags, which can keep a new technology from registering in measured productivity
for decades. We reach a di erent conclusion: once we account for quality change in consumer goods,
measured productivity growth was higher across much of the pre-World War Il period than in 1946{1966.
This revision re ects substantial quality improvements concentrated in the rst half of the century and
spanning a wide range of industries.

Catalog data has long been recognized as a consistent source for historical price measurement. Rees
and Jacobs (1961) used Sears and Montgomery Ward catalogs to construct price indexes for clothing
and home furnishings for 1890{1914, following the conventional BLS methodology of tracking repeated
products and substituting the most similar alternative when a product disappears. This approach,
still standard today, is well established to be biased relative to the true change in the cost of living
(Pakes, 2003; Ehrlich et al., 2026). In an in uential study, Gordon (1990) hand-collected data on
several categories of durable goods for 1947{1983 and estimated hedonic regressions to construct a
quality-adjusted index, nding that real growth in Producer's Durable Equipment was about three times
higher than the o cial index implies. Relative to Gordon, we expand the scope of time and products
and apply embedding-based methods that capture quality dimensions linear speci cations may miss.
Our implied revision is more modest: for 1947{1983, we nd real consumption growth 1.3 times higher
than the o cial index implies. The di erence re ects that consumer goods saw less quality improvement
over this period than investment durables like machinery and vehicles, so the o cial consumer-goods
index carries less quality bias.

The hedonic approach treats goods as bundles of characteristics and estimates how market prices
vary with them. Early work adjusted automobile prices for quality change (Court, 1939; Griliches, 1961,
1971), Rosen (1974) provided the canonical equilibrium interpretation, and subsequent work clari ed
when hedonic coe cients can be used to construct price indexes (Triplett, 1986, 2006; Pakes, 2003). Our
contribution is to extend the hedonic tradition to a far broader historical setting, using millions of Sears
product descriptions to estimate quality-adjusted indexes across many categories of consumer goods over
nearly the entire twentieth century, and to measure those characteristics at scale with modern text-based
methods.

The main alternatives to the hedonic approach rely on quantity or expenditure data. One strand
imposes structure on preferences to construct exact price indexes (Diewert, 1976; Sato, 1976; Vartia,
1976), extended by Feenstra (1994) to allow entry and exit and widely applied to measure the gains from
new varieties (Hausman, 1997; Broda and Weinstein, 2006; Redding and Weinstein, 2020). The other
uses Engel curves: Hamilton (2001) and Costa (2001) infer CPI bias from shifts in food expenditure
shares, while Bils and Klenow (2001) recover unmeasured quality growth in durables from the tendency
of richer households to buy higher-quality goods. Both require expenditure shares or quantities, which
catalog data lacks, so neither is feasible in our setting.

Our paper also relates to recent work using modern computational methods to construct price indexes
from high-dimensional product data. Bajari et al. (2025) use text and image data from Amazon to
estimate hedonic price indexes with deep learning methods. Ehrlich et al. (2026) compare hedonic and

4 Field (2003) challenges this interpretation by highlighting substantial productivity growth in the early 1940s, before the
US entered the war. We nd higher productivity for several decades before World War II.
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exact demand-based price indexes using large-scale item-level data with prices, quantities, and product
attributes. Cafarella et al. (2023) use machine learning to construct hedonic price indexes in scanner data
with substantial product turnover. We contribute by constructing price indexes from high-dimensional
embeddings within a simpler ridge framework, which is better suited to the medium-sized datasets
typical of historical price data, where richer models like neural networks are prone to over tting.

Outline Section 2 describes how we construct our primary dataset of Sears catalogs. Section 3 presents

a simple framework for constructing a cost-of-living index using hedonic methods and develops our

empirical methodology. Section 4 presents our estimated price index for consumer goods and several
robustness checks. Section 5 discusses the implications of our ndings for measuring real GDP growth

and productivity, and Section 6 concludes.

2 Data

Our primary data consist of 180 Sears general merchandise catalogs, published bi-annually, spanning
1900 to 1990. We also include the Sears Christmas books for 1945 to 1990, as well as the Sears Home
Annual catalogs for 1986 to 1990. For these years, many appliances were included only in the Home
Annual catalog, and so it is important to add these to our dataset® We augment the Sears series with
J.C. Penney catalogs (1969{1982) to broaden coverage and to assess robustness to retailer composition.

We process catalog data at the page level and extract structured product listings using a large
language model (LLM) with a standardized schema. Figure 1 shows an example of a page from the
Sears catalog in 1910 and another from 1969, both featuring cameras. In both years, the listings are
detailed, providing prices, model-level descriptions, and information on size, accessories, and other
features of each distinct camera. To extract information from catalog images, we use Gemini 3 Pro,
which is a state-of-the-art LLM that is highly e ective at processing text from images. Each catalog
contains roughly 1,000-1,500 pages, yielding 5,121,232 Sears product recofdBor each listing we record:
posted price, product title, textual description, shipping weight (when reported), brand (when reported),
and a product image when present. We also ask the LLM to classify each product into a 1992 6-digit
Harmonized System (HS) code, which is the classi cation used by the World Customs Organizatiod. The
text eld is particularly valuable: it contains detailed claims about materials, performance, dimensions,
included accessories, and warranties, which are often precisely the characteristics that evolve as quality
changes. In a second round of processing, we classify each product into a United Nations Standard
Products and Services Code (UNSPSC) product category using OpenAl's GPT 5-mini. Relative to the
HS classi cation, UNSPSC groups products by their purpose rather than material and is more detailed
in its classi cation schema of consumer goods. In the remainder of the paper, if not otherwise speci ed,
when we classify products into \categories" we use their UNSPSC classi cation. Finally, we ask the
LLM to classify products which are accessories to the primary item being listed. For example, Sears
often sold items like batteries or replacement parts on the same page as the item they were paired with.
For our main analysis, we exclude these accessories. In Section A.4, we provide additional details on the
digitization methodology.

From the semiannual catalogs, we are missing the 1906 Fall and 1907 Spring catalogs, which we could not nd in archival
collections.

For reference, the BLS collects about 80,000 quotes for goods and services per month. About 23% of these are for goods,
excluding food and energy. Therefore, if the BLS had collected at this rate for the period of 1900-1990, we expect that
the BLS collected about 20 million prices | about ve times larger than our dataset. In practice, the BLS hand-collected

a much smaller number of quotes in the pre-World War 1l period, so it is likely that our dataset is of approximately the
same size or larger for these periods.

There are 5,022 HS codes for 1992 recognized by the World Customs Organization. In our sample, we observe products
spanning 3,430 HS codes.



Figure 1. Example Catalog Pages from 1910 and 1969

(@) 1910 (b) 1969

The gure shows two pages from the Sears catalogs. Panel (a) shows a page from 1910 and Panel (b) shows a page from 1969.
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2.1 Historical importance of Sears

Sears was a major retail institution for much of the twentieth century, but it began as a mail-order
business aimed at customers far from large urban retail centers. Richard W. Sears started by selling
watches by mail in the mid-1880s and, after partnering with Alvah C. Roebuck and relocating the
business to Chicago, expanded into a general merchandise catalog that o ered an unusually broad variety
of standardized, mass-produced goods at posted prices. In an era when many households|especially in
rural areas|faced limited local selection, mail-order catalogs functioned as a central purchasing channel:
consumers could shop from home and have goods delivered through the rapidly expanding national
logistics system® By the late 1970s, Sears reportedly printed on the order of hundreds of millions of
catalog copies annually and served tens of millions of customers, with catalog sales in the billions of
dollars. Figure 2 plots Sears retail sales as a share of U.S. retail sector gross output over our sample
period. Sears' footprint rises from roughly 1.5 percent of retail sales in the early twentieth century to
more than 6 percent for several decades following World War |1, before declining in the 1980s. For
reference, Amazon, Inc. accounted for 6.6% of US retail sales in 2024, so Sears can be thought of as \the
Amazon of its day."

Figure 2. Sears Sales as a Percent of Retail Sector Output

The gure is a line plot of total Sears retail sales as a percent of US retail sector output. For the post-1947 period, we use retail sector
gross output data from the BEA. Before this, we use retail sector value added from historical census data, and re-normalize it to
match the BEA level for 1947-1957. This e ectively assumes that the input-output share of retail was equal to the 1947-1957 level for
the rst half of the twentieth century. We exclude sales from Sears subsidiaries like Allstate Insurance.

The Sears catalog data do not span the full CPl consumption basket. In particular, Sears excludes
housing, services, and food consumption, all of which are central CPI components For that reason, we
interpret our results as evidence on in ation and quality change for consumer goods, rather than as a
direct measure of the aggregate cost of living.

Within consumer goods, however, Sears covers many of the major categories that appear in o cial
price indexes|apparel, household furnishings, recreational goods, appliances, and a wide range of
durable and semi-durable items. Figure 3 shows the wide coverage of products in the Sears catalogs.
We map products from the Sears catalogs to the 58 consumer goods categories from the BLS Personal

8 Two infrastructure developments were particularly important for making this model scalable: the maturation of the
railroad network (which lowered the cost of long-distance freight) and the introduction of Rural Free Delivery in the late
1890s (which made home delivery feasible for rural addresses).

® Sears did, however, sell mail-order houses from 1908-1942.



Cataloging Growth Backer-Peral & Wittenbrink

Consumption Expenditures (PCE) series and plot the average number of products that appear each
year in the Sears catalog for each PCE category. All PCE categories are covered, with the exception of
aircrafts, motorcycles, automobiles, and prescription drugs. The gure indicates that the Sears catalog
featured an especially large collection of apparel, furniture and house furnishings, but also covered a
variety of distinct goods from aspirin to bicycles.

Figure 3: Sears Coverage of Consumer Goods

The gure shows a bar plot indicating the average number of products listed annually by Sears within each of the Personal Consumption
Expenditure (PCE) categories for consumer goods. The x-axis uses a logarithmic scale.

How does Sears data compare to historical data used for price indexes? Modern price indexes use
substantially more diverse and representative data than what can be obtained just from Sears catalogs,
but historical data collection e orts were more limited. The o cial CPl was rst published in 1921 and
covered food, clothing, rent, fuel, house furnishings and a miscellaneous category, but had no coverage
of services. According to the BLS, the o cial CPIl was extended back to 1913 \using food prices only."
Before 1913, there is no o cial CPI data, but the Minneapolis Federal Reserve Bank publishes a historical
series that extends the CPI back to 1800 using a variety of data sources. For the period of 1890-1912,
they use cost-of-living estimates from Rees and Jacobs (1961), which are based on catalog data, like our
paper. However, rather than using the full sample of data, Rees and Jacobs (1961) select only one item
for each of the ninety-three categories of consumer goods from a 1918 consumer goods survey. Then
they track the price of each of these categories over time by selecting the most similar item in adjacent
years. As a result, this index uses only ninety-three price quotes per year, which is a fraction of the full
Sears catalog data. In contrast, we have thousands of price quotes in each year. Therefore, for at least
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about a fth of the century, o cial index data was also subject to important limitations.

3 Empirical framework

We are interested in how household welfare changed over the twentieth century. Let household's utility
in period t be
up =u"(ar); (3.1)

where o' denotes its vector of consumption. Rather than compare utility levels directly, we can express
welfare in dollar units using the expenditure function

¢'(p;u) min np q:U"@) u °. (3.2)

let x' e "(p¢;uf) be householdh expenditures at time t. Expanding log €'(p;;u) around uf; and
re-arranging,
|Og l;:{] eh(pt;uP)

Uiy (pt;Uthl ) eh(pt;uthl )

(3.3)

where (p¢;u) %(W is the elasticity of expenditure with respect to utility. Therefore, changes

in utility are identi ed up to a normalization term . We assume that preferences are homothetic, in
which case we can set =1 and Equation (3.3) holds with equality, as shown in Section A.5.
Then, using the identity x' = e"(p; ul), we can see that,

uf x{ " (p; ufy )
log—— =log —-— log -t (3.4)
ufy X1 e"(Pr1 ;ufy )
Aggregating over all households,
X up _ X xf X e (pr;ufy )
hlog—— = hlog — hlog ——F—— (3.5)
h uthl h Xpl h e"(pi1 ;upl )

where |, denotes the welfare weight assigned to household.'® Equation (3.5) clari es the two objects
that we need to estimate log changes in utility. The rst term is a (geometric) average of changes in
nominal consumption across all households, which, to a rst order, can be approximated by aggregate
changes in nominal consumption. The second is a cost-of-living index, in the sense of Konss (1939),
which captures the change in the cost of living betweert 1 andt. We denote the cost-of-living index
oY, h h

COLI X hlog — Pttt ) (pt’ut%‘) ;

h e"(pr1 ;ufy )

Intuitively, the COLI describes how much more expensive it is today to be as well o as yesterday.
This is the welfare object that we would ideally like to estimate.

In practice, the cost-of-living index is not directly observed because it depends on household
utility functions, which are unknown. A standard approximation evaluates the cost of the base-period
consumption bundle at current-period prices. Let f; denote the vector of householdh's base-period
quantity of each good purchased, and let p denote the price vector of each good period. The
corresponding Laspeyres index is

(3.6)

X h
L, +log Ji1 Pt

3.7
h af Pt (3.7)

OWe use a log speci cation, as in Ehrlich et al. (2026), because it is far more empirically robust. However, log changes are
to a rst order equal to a more standard implementation using level changes.

10
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By revealed preferenceCOLI; L  because the Laspeyres index holds the base-period bundle xed and
therefore ignores the possibility that households substitute away from goods whose relative prices rise.
For small price changes, the same expression can also be interpreted as a rst-order approximation to
the expenditure function, since the envelope theorem implies that induced changes in optimal quantities

are second order.

The empirical di culty is that Equation (3.7) requires prices for the same goods in adjacent periods.
This requirement is di cult to satisfy in settings with substantial product turnover. Products enter
and exit the Sears catalog frequently, and continuing product categories often change in quality, style,
materials, and other observable characteristics. As a result, the period-price of a base-period product
is often unobserved.

The solution used by the Bureau of Labor Statistics is called a matched-model methodology, which
restricts attention to products observed in consecutive periods and computes price changes only for this
matched set. Let  be the set of all products sold at timet and let M { = ¢\ 1 denote the set of
products observed in botht 1 and t. A matched-model Laspeyres index takes the form
sit1 log Pt (3.8)

MM
Lt -
i2M ¢ Pit1

where st1 are the base-period expenditure weights for product i, given by,

) h
. X oo X o Pit1 Gia
Sl;tl hsi;tl - hT - h .
h h 2 1 Pt q‘;tl

(3.9)

This procedure is transparent, but if products that appear in successive years are not representative
of the true change in the cost of living, Equation (3.8) will be biased. Pakes (2003) emphasizes this
problem in the context of personal computers, showing that matched-model indexes can sharply misstate
guality-adjusted price change when product entry and exit are related to changes in quality-adjusted
prices. Related work has similarly emphasized that matched-model methods can perform poorly in
markets with rapid quality change, entry, and exit (Aizcorbe and Pho, 2005; Ehrlich et al., 2026). In
Section A.3, we show that the matched-model methodology is biased in our sample as well.

A common solution to this problem is to use a hedonic regression to impute missing prices of entering
or exiting goods. Formally, suppose that producti belongs to a product categoryj (i) 2 J and is

described by a vector of characteristicsX; 2 X 1) . In a competitive equilibrium, Rosen (1974) shows
that prices will be a function of product characteristics,
Pit = Pjpe Xit):

Suppose that we can estimate these price schedule@it (), which we can use to infer the price of any
product, given a vector of characteristics X. Then, we can construct a hedonic Laspeyres index,

X P Kita )
EOLI (= sy log 0t 20 :
t i " Piitr Xita )

which evaluates base period products at next period prices using the estimated hedonic price schedule.
In Section A.5 we show that the hedonic Laspeyres index approximates the true COLI to a rst order.
Moreover, Pakes (2003) shows that under general condition€OLI ; will be an upper bound of COLI ,
and therefore will underestimate total welfare changes over time. Intuitively, Equation (3.10) is a way

to impute price changes for all goods 2 ; even if they cannot be matched exactly to a good in
the subsequent period. Therefore, the hedonic Laspeyres index avoids the selection problems of the
matched-model approach.

To reiterate, the index in Equation (3.10) is a rst order approximation of the object of interest.

With richer quantity data, one could construct closer approximations to the cost of living. For example,

(3.10)
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if product-level prices and quantities were observed in adjacent periods, one could use Terngvist-style
indexes that average expenditure shares across periods. Such indexes allow expenditure shares to
respond to relative price changes and therefore provide a better approximation to substitution than a
base-weighted Laspeyres index (Ehrlich et al., 2026)*

Our setting does not permit that approach. Sears catalogs provide rich information on product
descriptions and posted prices, but not transaction quantities. The same limitation prevents us from
implementing exact demand-based price indexes of the kind used in Broda and Weinstein (2006) and
Redding and Weinstein (2020), which require stronger information on quantities and expenditure shares,
and allow researchers to estimate gains from access to new product varieties. Our empirical strategy
instead uses the comparative advantage of the Sears data: detailed product descriptions over a long
historical period. Hedonic regressions allow us to decompose these long-run price changes into a quality
change component and a cost-of-living change component. To the degree that households bene ted from
expansion in varieties over this period, in addition to changes in quality, our approach will therefore
underestimate the rise in welfare.

3.1 Methodology

Equation (3.10) makes clear that constructing an approximation to the cost-of-living index requires
two objects for each category of good$ and yeart. The rst is a hedonic price schedule,Fbjt (), that
maps the observable characteristics of a good into a predicted price. This delivers the counterfactual
numerator ijt (Xijt1 ), the price that a base-period good would command under yeat-pricing. The
second is a set of nationally representative base-period expenditure shares;1 . This section shows
how we construct each in turn.

3.1.1 Hedonic price schedules

To adjust for quality change, we must price a xed bundle of product characteristics at two adjacent
dates. This requires a exible mapping ijt () from characteristics to prices, estimated separately for
each category and year.

The classic approach to this problem involves encoding a nite, manually chosen list of characteristics
for each product category, which can be included on the right hand side of a hedonic regression (Gordon,
1990; Pakes, 2003). For refrigerators, for instance, Gordon (1990) includes total capacity, freezer capacity,
defrost capability, and the presence of a crisper. We report results from this approach in Section 4.1,
but it has two limitations that motivate our preferred method. First, hand-coding forces the researcher
to pre-specify which attributes are price relevant. This introduces a researcher degree of freedom and
risks omitting important characteristics, a concern that is especially acute for goods such as apparel and
furniture, where dozens of styles and materials may bear on price. Second, the approach does not scale.
Gordon (1990) reports that assembling his Sears durable-goods dataset for 1948{1988 took decades;
replicating such an e ort across the millions of listings in our sample would be prohibitive even with
modern tools.

We instead construct exible representations of product characteristics that better takes advantage
of our rich text data, as in Bajari et al. (2025) and Ehrlich et al. (2026). For each producti in category
j and yeart, we observe a textual descriptionTj; which lists the product's features, materials, and
dimensions. On average, descriptions are about 580 characters long. We map each description into a
d = 1;536-dimensional vector,

it = (T ijt)2RY

1 Ehrlich et al. (2026) also implement a two-step hedonic regression as in Erickson and Pakes (2011) which combines
hedonic methods with the matched-model approach. In our data, this is not feasible because we do not have barcode
level identi ers and as such cannot track exact products over time.

12
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using OpenAl's text-embedding-3-small model*?

The embedding provides a coordinate system for product characteristic space. In a conventional
hedonic regression, the econometrician selects a small set of characteristics|capacity, horsepower,
material|codes them by hand, and prices them. The embedding replaces the coding step: the language
model maps descriptions with similar content to nearby points inRY, so any feature the catalog records|a
porcelain tub, a ve-year guarantee, a larger oven|shifts the description in a particular direction in
embedding space. Individual coordinates of j; carry no economic interpretation, but directions in the
space do: products described identically receive identical vectors, and products that di er in a feature
di er in a systematic way. Because Sears sold by mail, the catalog description is also the natural object
to include in a hedonic regression | it contains precisely the information that buyers used to make
consumption decisions.

For each category j and year t, we estimate the hedonic regression

logPy = jo+ G gt *+Zg i (3.11)

where j; is a category-year intercept, j; maps the embedding coordinates into log price, and j% loads
on the structured covariates Zjj; . The rst covariate we include is shipping weight because it is observed
for most of the observations in our sample and is a powerful determinant of price. Shipping weight is
reported for 80% of all goods, and is overall the most common attribute reported in Sears catalogs, since
it was used to calculate shipping costs. For the 20% of goods where it is not reported, it is interpolated
using a procedure described in Section A.7. We also include season dummies indicating whether the
product appeared in the Spring, Fall, or Christmas catalog.

The estimated schedule lets us price any base-period product under yearpricing. For a product i
observed at t 1 with characteristics X jit1 (T jjt1 ;Zit1 ), the counterfactual log price is

logBy (Xijer )= by + (T 1 )% +2 9, P4 (3.12)

This object is exactly the numerator in (3.10): it holds the good's characteristics xed at their base-period
values and revalues them at the yeat- schedule. The corresponding denominatorPjt1 (Xjit1 ), is the
good's price in the base period.

A practical obstacle is that the embedding is high dimensional and its coordinates are dense and
strongly correlated. We therefore estimate(3.11) by partially penalized Ridge regression, penalizing only
the embedding coe cients j; and leaving the intercept j; and the covariate coe cients § unpenalized.
We describe this procedure in detail in Section A.8. Our methodology is similar to Bajari et al. (2025),
but in their paper, the authors use a much more exible neural network model with big data from
Amazon. In our dataset, the median product category has around 50 products per year, so even if we
pooled across multiple years, a neural network will be prone to over tting; Ridge is much more stable.
Our estimates are robust to instead extracting the principal components of the embedding matrix and
estimating (3.11) by OLS, as shown in Figure A.2.

3.1.2 Expenditure weights

The index in Equation (3.10) weights each product-level price change by its base-period expenditure
share, sit1 . In practice, these shares are unobserved in our data. We observe catalog prices and
characteristics, but, with rare exceptions, we observe neither the quantities Sears sold nor|what the
index ultimately requires|national expenditure at the level of individual products.

Our strategy is to recover sit1 in two steps, relying on nationally representative survey data
wherever it exists and on the catalog-based weights only where it does not. National consumer surveys
report representative expenditure weights, but only at a moderate level of aggregation. The Bureau of

2\We remove prices from the text description, so that embeddings do not include price information.
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Labor Statistics (BLS) organizes spending into four major retail categories, indexed byk|household
goods, apparel, entertainment, and other|and roughly 60 subcategories, indexed by . We map each
subcategory™ to one or more UNSPSC product codes and assign every Sears listing to a subcategory
through its code. We take the expenditure weight on each subcategory«vl?t'-lS , directly from the national
source. These weights are nationally representative by construction and require no assumption about
Sears.

The national source varies over the century. For the postwar period we use historical CPI weights
published by the BLS for 1947-1959, and Personal Consumption Expenditure (PCE) weights starting in
1959, which are available on an annual basis thereafter. Before World War II, we rely on two surviving
national consumer-spending surveys: the Cost of Living in the United States survey (elded 1917{1919)
and the Study of Consumer Purchases in the United States ( elded 1935{1936). We apply the resulting
weights to four periods: the Cost of Living weights for 1900{1926, the Study of Consumer Purchases
weights for 1927{1943, the 1947 BLS weights for 1943{1947, and contemporaneous BLS CPI weights
thereafter.'®

National sources do not resolve spending below the subcategory level, so we cannot read product-level
shares from any representative survey. We instead use the catalog itself, under the assumption that within
a subcategory, expenditure is allocated proportionally across all catalog products in that subcategory.
Formally, .

- BLS
Sit1 = W W it (3.13)
where " (i) denotes the subcategory to which producti is mapped,N-;.1 is the number of catalog
products in subcategory ~att 1.

This construction rests on the assumption that within a subcategory, the Sears product mix is
representative of what households actually purchased. This assumption is not directly testable at the
product level, but we can provide suggestive evidence in its favor.

Evidence on representativeness. To assess the assumption that within BLS categories Sears is
representative of national consumption, we check whether it aligns with the BLS expenditure weights
across categories. We de ne the Sears share of subcategorywithin major category k as its share of
distinct listings,

Num Products .t
«oNum Products-oy.t

Sears Shareg¢; = P (3.14)

Analogously, we de ne Sears Sharg; for each major category. At the level of major categories, the
catalog is not representative: Figure A.1 shows that Sears over-weights apparel household goods relative
to the BLS. This is exactly why we anchor cross-category weights to the BLS rather than to the
catalog. Within major categories, however, the catalog tracks national spending well. Figure 4 plots
log Sears Share: against log BLS Share..;, controlling for category k and year xed e ects; the
strong positive relationship indicates that, conditional on a major category, the internal composition

of the catalog mirrors national expenditure patterns. This supports the assumption that within BLS
subcategory, the products that are listed more frequently in Sears will also be those that had higher
national expenditure shares

13 Because nationally representative weights exist only at scattered benchmark years, we hold the weights xed within each
period, which is consistent with the methodology used by the BLS.

14 |deally, we would want the slope in Figure A.1 to be one, such that products with higher expenditures have proportional
weights in the Sears catalog. Because the slope is less than one, these results suggest that we will under-weight more
popular goods.
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Figure 4. Binscatter of Sears Product Shares vs. CPI Subcategory Weights

Binscatter with 100 bins. The horizontal axis is  log Sears Share;x; , the share of subcategory " within major category k in the Sears
catalog in year t, de ned in (3.14). The vertical axis is the corresponding log BLS Share-.; reported by the BLS. Both axes residualize
on category k and year t xed e ects. We restrict to years in which BLS surveys were elded.

4 The cost of living: 1900 to 1990

Using this procedure, we estimate a hedonic price schedule for each UNSPSC categrin each periodt.
We then use these schedules to construct the consumer-goods cost-of-living index in Equation (3.10) for
each year in the datal® We aggregate over consumer goods categories using nationally representative
consumer expenditure weights to produce a single cost-of-living index for consumer goods. The resulting
index is shown by the solid red line in Figure 5. The index declines weakly during the rst two decades
of the sample. It rises sharply during World War |, falls back rapidly afterward, declines substantially
during the Great Depression, and then rises again during World War 1. In ation is e ectively zero in

the postwar decades before increasing again in the late 1960s and 1970s.

The dashed black line shows average unadjusted price changes for the same sample of consumer goods.
The unadjusted price index is constructed using average price changes within product categories, and
therefore does not control for changes in quality. These unadjusted price increases are much larger than
the quality-adjusted increases. The gap between the unadjusted and quality-adjusted series captures the
cumulative value of quality improvements. When unadjusted prices rise faster than quality-adjusted
prices, the implied average quality of goods is increasing. Over the full 90-year period, these quality

5 In the aggregation, we exclude the top and bottom 1% of observations based on predicted quality-adjusted in ation,
it log Fb,t (X1 ) logP jr1 . We restrict attention to consumer-goods categories with at least 20 items in the year
of estimation. We exclude food because Sears sold food only in the pre-WWII period and primarily sold packaged foods,
which are not representative of the broader food category. We also drop 0.75% of observations for which the hedonic
regression in Equation (3.11) has an R? below 0.5. We also drop 1907, because we only have a fall catalog for 1907 and
a spring catalog for 1906, and some goods like apparel vary a lot between these two seasons and therefore cannot be
compared.
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Figure 5: Cost-Of-Living Index For Consumer Goods, 1900-1990

The gure shows our estimates of the cost-of-living index for consumer goods in the solid red line. The dashed black line shows average
cumulated price changes for the same sample of consumer goods. The di erence between the black and red line is plotted in gold and
represents cumulative quality change of consumer goods. The dashed red line shows estimates of the cost-of-living index for consumer
goods published by the BLS, which begins in 1935.

adjustments are quantitatively large, accounting for about half of the total increase in unadjusted prices.

Finally, the dotted black line shows our best available estimate of the aggregate consumer goods
price level from existing sources. For 1900{1935, we use the Minneapolis Fed historical CPI series, which
draws on several sources but does not purport to be comprehensivé. For the post-1935 period, we use
BLS price indexes for durable and nondurable goods, aggregated using Laspeyres expenditure shares to
form a consumer-goods price index/ This BLS-based series tracks the unadjusted price index closely
and lies well above the quality-adjusted index. As a result, de ating nominal output using the existing
aggregate price index would understate real GDP growth.

4.1 Robustness

Our consumer goods cost-of-living index relies on several key assumptions: (1) we can e ectively estimate
the hedonic price schedulePj; (), (2) the set of underlying hedonic characteristicsX; is approximately
constant year-over-year for each product category, and (3) the Sears sample is representative of national
goods consumption. We will now provide some evidence to validate these assumptions in our setting.

4.1.1 Robustness to Functional Form

Our estimating equation, Equation (3.11), imposes some structure on the form of the hedonic price
schedule in the sense that embedding characteristics enter linearly, which we may worry is misspeci ed.
To test this, we calculate an out-of-sampleR? for each hedonic price schedule using ve-fold cross-
validation: we split the sample into ve folds, repeatedly estimate the hedonic regression on four folds,
predict prices for the omitted fold, and compute R? from the pooled out-of-sample prediction errors
across the ve omitted folds. The distribution of R? is shown in Figure 6 and shows that out-of-sample

16 The 1900-1913 CPI is based on Albert Rees' work. The 1913-1935 CPI is estimated by the BLS and primarily collected
price quotes for consumer goods categories such as food, clothing, rent, fuel and house furnishings.

"The BLS methodology di ers from ours since it tracks matched models over time. Systematic quality adjustment was
only introduced in the 1980s for a subset of products, and it is used only when exact models cannot be matched. This
methodology is explained further in Section A.3.
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predictive power of the exible hedonic model is quite high with a medianR? of 0.94. Therefore, it is
likely that the embeddings are picking up on most price-relevant attributes.

Figure 6: Distribution of R 2 For Hedonic Schedule

The gure shows a histogram of the distribution of ~ R?2 across all of our estimated hedonic regressions from Equation (3.11). The
median R? is 0.94.

As a baseline, we compare our methodology to traditional hedonic methods that rely on hand-coded
attributes. For 28 categories of technology-intensive goods|including refrigerators, washing machines,
cameras, and televisions|we construct a detailed list of candidate attributes (about 50 per category) and
extract them from the catalog text. The attributes include numeric measures (e.g., capacity, horsepower,
screen size, number of vacuum tubes) and binary indicators (e.g., color vs. black-and-white television,
automatic defrost, ash included). The goal is to recover a structured representation of quality that
is comparable within categories over moderate time spans. In Section A.6, we explain in detail our
methodology to extract structured product attributes from text data.

We choose a standard log-linear parameterization for the hedonic price schedule,

logPjr = jt +X i jt +"i (4.1)

where Xjjt is the vector of attributes and j; are the attribute coe cients for category j in yeart. A
practical issue is that the relevant attribute set changes over time so not all of our attributes will be
relevant in every year. To choose a parsimonious attribute set we use LASSO (Least Absolute Shrinkage
and Selection Operator).

We can now compare the implied quality-adjusted in ation estimates produced by this method
with our embedding-based estimates. In Figure 7, the red line shows estimates of the technological
goods cost-of-living index constructed using the embedding-based regression, Equation (3.11). The gray
line shows estimates using the attribute-based regression, Equation (4.1). Both series are normalized
relative to 1935. Remarkably, the two show very similar patterns, suggesting that the high-dimensional
embedding attributes are picking up on the same features that a human may have selected as attributes.
Indeed, if we plot a binscatter of the embedding-based price index for each produdgt in each year
against the attribute-based price index, the two exhibit a very strong correlation, shown in Figure A.5.
Moreover, both methods have very high out-of-sampleR? for the subset of technological goods, with a
median of 0.94 for both the attribute-based method and the embedding-based method.

One concern about the embedding-based method, relative to the attribute-based method, is that
it may pick up on advertisement strategies in addition to welfare-relevant characteristics. To test for
this, we produce a new set of embeddings, excluding from the product description a wide selection of
advertising terms (such as \best o er" or \brand new") as well as subjective attributes such as \beautiful",
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Figure 7. Cost-Of-Living Index for Technological Goods, Embeddings vs. Attribute Method

The gure shows our quality-adjusted price indexes for a subset of 28 technology-intensive durable goods. The red line shows the
quality-adjusted price index using our preferred embedding-based methodology described in Section 3.1. The grey line shows the
quality-adjusted price index using the attributed-based methodology. Both series are normalized to zero in 1945. The dotted black
line shows the BLS o cial price index for durable goods.

\wonderful" or \luxurious". While this term-based approach may not strip all advertisement from the
embedding, it will help inform as to the direction and size of bias caused by including marketing language.
The new series, constructed with the updated embeddings, is shown in the red line in Figure A.6.
Reassuringly, the two series are very close, and the series without marketing language actually implies
even lower quality-adjusted in ation than the baseline series. Therefore, this suggests that implied quality
improvement is driven by true product upgrading as opposed to changes in language and marketing
strategies.

4.1.2 Robustness to Changing Characteristics

A key advantage of a hedonic regression, relative to looking only at price changes of the subset of goods
which appear in consecutive years, is that we can study implicit price dynamics of all goods, not just
surviving goods. However, the framework we presented in Section 3 implicitly assumes that even if the
set of goods available changes from one year to the next, the underlying set of characteristics of the
goods available at each timet 1 continue to exist at time t, such that the time t hedonic schedule can
be used to predict prices for goods in the previous year. This assumption, is of course, imperfect. There
are many characteristics that disappeared at discrete points in our sample to make way for new product
characteristics, from wringers on washing machines to girdles on dresses.

As a robustness exercise, we compute the cost-of-living index in Equation (3.10), excluding products
that are very di erent from all of the products in the following year (i.e. exiting goods). Empirically, we
implement this using our text embeddings, . For any pair of goods in categoryj, denotei and i® the
cosine similarity of the product is given by,

i 0
il i
For each product i at time t, we construct a measure of its novelty relative to time t+ 1 as,

sim(i;i 4 =

i1 = max  sim(i;i 9
1921 jit+l

The novelty variable i1 captures how similar producti is to its most similar alternative at time t + 1.
Similarly, we can compute ;{1 as similarity to products in the previous period. We then compute
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the cost-of-living index, excluding all products for which i1 < 0:7. This excludes 11.1% of products
which were signi cantly di erent from any product in the next year. We also compute a version in
which we exclude all products for which +1 < 0:7 or w1 < 0:7, such that only \stable" goods are
included. The new cost-of-living index using each of these samples is shown in the solid grey and red
lines, respectively, in Figure A.7. Our baseline estimates are shown in the dashed line. The three series
are very similar over the entire period, with slightly lower in ation implied when we exclude exiting
goods, suggesting that our main conclusions are not driven by new or dying goods.

4.1.3 Robustness to Sears Sample

To construct a cost-of-living index, we need a representative sample of all goods and services purchased
by Americans in each year. Sears was clearly not representative of many sectors of the economy, including
services, food and automobiles, which we discuss further in Section 5.2, but our analysis thus far has
assumed that it was broadly representative of a large selection of consumer goods including apparel,
furniture, appliances, toys and tools. According to an internal document released in 1978, Sears described
itself as follows: \We are not a fashion store; we are not a store for the whimsical nor the a uent. Sears

is a family store for middleclass, homeowning Americans." To assess the representativeness of Sears,
we supplement our data collection with JC Penney catalogs for the period of 1969{1982. JC Penney
targeted a somewhat higher end of the market, and therefore will give us a sense of whether di erent
tiers of the retail sectors saw very di erent movements in prices. We construct exible quality-adjusted
price indexes and un-adjusted price indexes using JC Penney data and plot both indexes in Figure A.8.
We normalize the JC Penney index to the Sears index level in 1969. For the period of overlap, the
indexes are consistent, indicating high in ation in the 70s. This is suggestive that the trends in Sears
were comparable to the broader US retail sector.

4.2 What accounts for quality growth?

A limitation of our high-dimensional embedding approach is that it is di cult to interpret the drivers

of quality improvement. In this section, we aim to partially open this black box by isolating a few
important components of quality change, and providing examples of cases where quality change is subtle
and di cult to recover fully using traditional methods.

One component of quality that we can measure over time is improvements in materials. In particular,
for a large selection of materials, including textiles like rayon and cotton, as well as metals like copper
or steel, we identify whether a product contains the material via keyword search. We then estimate a
hedonic regression like Equation (3.11) but controlling only for materials and shipping weight:® The
implied quality improvement driven only by changes in materials and physical size, respectively, are
shown in Figure A.3. We can see that about a third of quality improvements are accounted for by
changes in materials and size change$.

One example in which materials innovation was very important was in domestic ranges and cooktops.
The highest quality ranges sold by Sears in the early 1900s were made of cast iron designed for coal or
wood fuel. Over the next decades, porcelain enamel was popularized, since it was easier to clean and
more resistant to rust. In the early 1920s, ovens also introduced asbestos lining which provided thermal
insulation, although this was phased out in post-World War |l period, as the dangers of asbestos were
discovered. After the war, the most signi cant materials changes included the use of chromium accents
instead of nickel, and the use of glass for cooktops and oven doors, which was previously not possible.

1B\We select the relevant materials for each product-year pair via LASSO.

%We must be careful about interpreting these estimates causally; materials may be correlated with other features, which
will lead us to overstate the impact of materials changes on total quality change. This is a benet of our embedding
based approach, which captures many aspects of quality in a single speci cation.
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