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1 Introduction

Households adopt new technologies by purchasing new durable goods, such as vehicles. Dur-
ing the Great Recession of 2008-09, consumer expenditures on durable goods dropped by
approximately 15 percent, or almost 200 billion dollars. Expenditures on motor vehicles—
which constitute approximately 35 percent of durable-goods expenditures—accounted for
more than half of this decrease and remained persistently low during the recovery.

The goal of this paper is to empirically investigate the role of newly introduced models
in this decline and in the subsequent slow recovery. Our descriptive analysis suggests that
complementary demand and supply factors contributed to a downward quality adjustment
in durable-goods purchases during the Great Recession. Specifically, during the recession,
households reallocated their purchases of new cars toward continuing models—which tend
to be cheaper and of lower quality than new models—or delayed their purchases. Amid
this decline in demand, manufacturers introduced new models that were cheaper and of

lower quality relative to those introduced before the recession, further depressing sales.

Cars represent an ideal object for our analysis for two main reasons. First, they are a
large and procyclical component of durable-goods expenditures. Second, detailed informa-
tion about car markets allows us to measure price and quality dynamics, thus providing
empirical evidence on the importance of new products. To this end, we assemble a rich
dataset on US new-car markets, combining two data sources. The first dataset contains
the universe of transactions on new vehicles in several US states between 2004 and 2012
and reports transaction prices as well as some car features, such as the make and model.
The second dataset contains detailed information on the technical characteristics of each
vehicle model sold in the US during the same period, and—most notably—whether the
model is newly introduced or a continuing model.

We exploit these data to provide several novel facts about the distribution of expendi-
tures on new vehicles and the evolution of vehicle quality around the Great Recession. Our
empirical analysis proceeds in four steps, gradually moving from car expenditures to car
characteristics, with each step yielding a new finding. Together, these steps highlight the
complementary contributions of demand and supply to quality changes.

In the first step, we show that during the Great Recession, the right tail of the new-car
expenditure distribution declines substantially more than its left tail, thereby depressing
the average and the standard deviation of new-car expenditures.

In the second step, we document that the dispersion of new-car expenditures declines



during the recession because of the decline in the between-model variation in prices, which
in turn is due to the decline in the expenditures on newly introduced models. Moreover,
the share of transactions on new models does not overshoot during the recovery, suggesting
that car manufacturers did not respond to the recession by delaying the introduction of
high-quality models; rather, a generation of new products seems to be “missing”, likely
contributing to the slow recovery of expenditures on new cars.

These findings on the dynamics of the distribution of expenditures prompt us to in-
vestigate the connection between car prices and car characteristics. Hence, in the third
step of our analysis, we use hedonic regressions to construct a measure of vertical quality
that summarizes the main vehicle characteristics (Griliches, 1961). This measure of qual-
ity tracks well the dynamics of prices during the recession, indicating that compositional
changes in the characteristics of cars sold accounts for the drop in between-model price dis-
persion. However, a striking finding of this analysis is that this measure of quality, based on
pre-recession hedonic prices, displays no growth after the recession, whereas actual prices
grow approximately 2 percent per year. This decoupling between prices and quality sug-
gests that the hedonic prices of key quality characteristics increased substantially after the
recession, which reinforces the argument that quality dynamics partially account for the
slow recovery in new-car sales.

In the fourth step of our analysis, we focus on the level of technology embodied in
vehicles by exploiting only data on car characteristics. We document that new models
introduced during the Great Recession featured a significantly worse trade-off between
their main attributes—e.g., size, horsepower, and fuel efficiency—than models introduced
in other years. Moreover, this slowdown in the level of technology had persistent effects

throughout the recovery.

Overall, our empirical analysis highlights the quality of new products as a quantitatively
important margin of adjustment to shocks. While demand factors undoubtedly played a
crucial role in the drop of consumer expenditures on durable goods during the recession
(Gavazza and Lanteri, 2021), we document that supply factors contributed to this adjust-
ment through the channel of low-quality product introduction.

These findings have several implications. Most directly, the motor vehicle industry
experienced a deep crisis in 2008-2009, which likely contributed to a slowdown in techno-
logical progress. Employment in this industry fell by approximately one-third during the
Great Recession, leading to government bailouts for automakers. Moreover, because of

the centrality of the motor vehicle industry in the US production structure, the effects of



the drop in vehicle expenditures spread across different sectors.! Thus, understanding the
micro dynamics of expenditures on vehicles is an important step toward a full account of
the Great Recession and the slow recovery.

Moreover, our findings contribute to several strands of the literature. First, several
papers show that downward adjustment in consumer demand for quality is an important
margin in the Great Recession (Jaimovich, Rebelo, and Wong, 2019; Argente and Lee,
2021).2 A related literature emphasizes product reallocation—i.e., the entry and exit of
products—as an important margin for the evolution of technology around the same period
(Argente, Lee, and Moreira, 2018; Jaravel, 2019; Granja and Moreira, 2020).> These studies
mainly focus on services and nondurable goods. We analyze the quality dynamics of one of
the most important household durable goods—cars—building on the insights of Bils and
Klenow (2001) and Bils (2009). Our evidence on the complementary roles of demand and
supply for new goods is consistent with the mechanism in Shleifer (1986).*

Second, durable goods provide a natural connection between quality changes during the
Great Recession and the subsequent slow recovery. Because technology is, to an important
extent, embodied in durable goods, changes in the quality of new products have persistent
implications on the evolution of technology. Thus, our findings are consistent with signifi-
cant medium-run technological effects of large recessions (e.g., Benigno and Fornaro, 2018;
Anzoategui, Comin, Gertler, and Martinez, 2019; Bianchi, Kung, and Morales, 2019; Vinci
and Licandro, 2020).

Finally, a large literature studies the role of durable goods for business cycles, dating
at least to the seminal contributions of Mankiw (1982); Bernanke (1985); and Caballero
(1993). Several recent papers study household adjustment of the stock of durables (Berger
and Vavra, 2015; Dupor, Li, Mehkari, and Tsai, 2018; Attanasio, Larkin, Ravn, and Padula,
2020; Gavazza and Lanteri, 2021; McKay and Wieland, 2021).> A related literature empha-
sizes the importance of durable-goods prices for monetary policy (e.g., Barsky, House, and

Kimball, 2007). We provide empirical evidence for a complementary adjustment margin to

! Atalay (2017) and vom Lehn and Winberry (2022) document that the auto industry plays a central
role in the US production network.

2Relatedly, Fisher, Johnson, and Smeeding (2013) and Meyer and Sullivan (2013) find that consumption
inequality declined during the Great Recession.

3Broda and Weinstein (2010) documents that product creation is procyclical during the period 1999-
2003.

4Einav (2007) documents the complementarity between demand and supply in the US motion picture
industry, showing that the biggest movies are released at times when demand is highest (e.g., Christmas).

SThese papers build on Eberly (1994) and Attanasio (2000), which abstract from business cycles. Adda
and Cooper (2000); Adda and Cooper (2006); and Gavazza, Lizzeri, and Roketskiy (2014) develop quanti-
tative models of car replacement.



aggregate shocks, namely new-product quality.

2 Data

Our empirical analysis exploits two datasets on new-car transactions and model character-

istics, respectively. We introduce them in this section.

New-car Prices, Dominion Dealer Solutions (2019). This dataset (henceforth Do-
minion dataset) reports the universe of new-car sales in five states—Colorado, Idaho, North
Dakota, Ohio, and Texas—for the period 2004-2012. For each sale, the dataset reports the
transaction price, the month of the transaction, and the make, model, body type, and trim

of the vehicle. The dataset contains more than 18 million vehicle transactions.®

New-car Model Characteristics, IHS Markit (2020). This dataset (henceforth IHS
dataset) reports detailed characteristics of all new passenger-car models sold during 2003-
2012, including make, model, trim, body type, generation year, dimensions, as well as
engine attributes, such as size and horsepower, fuel type, fuel consumption, transmission,
and turbo injection.”

The dataset also reports the aggregate number of US sales for each model at annual
frequency during 2003-2012. The dataset includes sport utility vehicles, but does not have
comprehensive information about pick-up trucks. Hence, we exclude pick-up trucks from

our analysis.

The product life cycle of cars typically features the replacement of a “generation” of a
car model with a new generation every approximately 5 years. For example, all 2007-2011
Toyota Camry models belong to the 2007 generation. Whereas only minor changes happen
at annual frequency, a new generation features a major redesign. Hence, we define a vehicle
model in the THS data as a triplet of make, model, and generation. We further define a
new model in year ¢t as a model for which we observe the first transaction in year t or ¢t — 1,

to account for the fact that the first transaction on a new model tends to appear in the

6The states in the Dominion dataset account for approximately 7 percent of national sales of new
vehicles. For North Dakota, prices are reported for 2008-2012 only.

“Information about weight is missing in approximately 40 percent of models. Thus, we use all models
for which we observe their weight to estimate a log-linear relationship between weight and other physical
dimensions: wheelbase, width, height, and number of seats. This regression has an R? of 0.93. We use its
predicted values to impute the weight whenever we do not observe it.



second half of the year. This definition of a new model also includes entirely new model
names.®

Based on this definition in the IHS data, we merge the Dominion and IHS datasets
by matching vehicle models across the two datasets and allocating each transaction in the
Dominion dataset to a model generation in the IHS dataset. Appendix A describes in more
detail our model definition, as well as our procedure in merging the datasets.

We thus obtain a rich dataset on car sales that combines information on prices and
technical characteristics. Throughout the paper, we refer to a car model as a make-model-
generation triplet. According to this industry-wide definition, our merged dataset contains

over 500 car models.

3 Empirical Patterns

In this section, we describe several empirical patterns: (i) we document the dynamics of the
distribution of expenditures on new cars around the Great Recession; (ii) we decompose the
dispersion in expenditures and emphasize the role of new models; (iii) we relate expenditures
to underlying car characteristics; and (iv) we analyze the level of technology embodied in

cars.

3.1 Dynamics of the Distribution of Expenditures on New Vehi-

cles

We begin by describing the evolution of the distribution of expenditures on new cars in the
Dominion dataset. Figure 1 displays the main features of this distribution during 2004-
2012. The transactions in this dataset provide a representative account of the dramatic
effects of the Great Recession on US car markets. Specifically, the top-left panel shows that
the total number of new-car sales drops by approximately 30 percent during the recession
and only returns to pre-recession levels in 2012, similar to the US aggregate dynamics (e.g.,
Gavazza and Lanteri, 2021).”

We thus exploit the dataset to analyze the micro dynamics of the expenditure distri-

bution. The top-right panel plots the average transaction price; the bottom-left panel the

8 A new model name sometimes is a slight redesign of an existing model, similar to a new generation.
9Figure B1 in Appendix B portrays aggregate expenditures on durable goods and on vehicles during
the Great Recession.



Figure 1: Dynamics of New-Vehicle Expenditures
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Notes: The figure displays the number of new-car sales (top-left panel), the average (top-right panel),
the standard deviation (bottom-left panel), and three percentiles—10th, 50th, and 90th—(bottom-right
panel) of the distribution of transaction prices from the Dominion dataset. Horizontal axes report years
(2004-2012); vertical lines highlight recession years (2008 and 2009).

standard deviation; and the bottom-right panel the 10th, 50th, and 90th percentiles of the
distribution, all normalized to zero in 2007 to facilitate comparison.

Both first and second moments of the expenditure distribution display an increasing low-
frequency trend. On average, transaction prices increase by 1.6 percent annually between
2004 and 2012. However, during the Great Recession, we observe a decline in the average
price and a larger decline in the dispersion of prices. Notably, the average price, which

equals $27,226 in 2007, displays a peak-to-trough decline of approximately 2 percent. The



standard deviation, which equals $13,614 in 2007, declines by approximately 5 percent.
Relative to their respective trends, the average price drops by approximately 3 percent and
the standard deviation by approximately 6 percent during the recession. In summary, the
decrease in dispersion during the recession is about twice as large as the decrease in average
expenditures.

The evidence on the first two moments of the distribution suggests that households
reallocated their expenditures away from expensive vehicles during the recession. The
dynamics of different percentiles of the distribution confirm this pattern. Consistent with
the low-frequency dynamics of average prices, all percentiles increase over time between
2004 and 2012. However, the median and the 90th percentile undergo a significant decline
during the recession, in both absolute terms and relative to their trend. In contrast, the 10th
percentile remains on its trend throughout the recession. This analysis suggests that the
leftward shift in the right half of the support of expenditures—i.e., a drop in expenditures
on intermediate- and high-quality cars—accounts for the decline in the average and the
dispersion of expenditures.'’

These dynamics of the expenditure distribution are broadly consistent with the evidence
on overall household expenditures based on the Consumer Expenditure Survey. Meyer
and Sullivan (2013) documents a low-frequency increase in consumption inequality and a
decrease in dispersion during the Great Recession, with lower percentiles of expenditures
displaying smaller declines than higher percentiles. Relative to this evidence, however, our
dataset allows us to take further steps to connect the distribution of expenditures with

salient features of the goods that households purchase.

3.2 Decomposing the Dispersion of Expenditures

We perform several decompositions of the variance of transaction prices to investigate the
drivers of the cyclical dynamics of the distribution of expenditures on new cars. We find
that reallocation of expenditures between car models—specifically a drop in expenditures on
newly introduced models with high price—accounts for the compression in the distribution

in the Great Recession. In contrast, average prices conditional on vehicle model do not

1Tn Appendix B we report two robustness checks. First, during July and August of 2009, the Car
Allowance Rebate System, commonly known as “Cash for clunkers,” subsidized the replacement of highly
polluting cars with new ones, potentially affecting the pool of new-car buyers (Hoekstra, Puller, and West,
2017). Nevertheless, Figure B2 shows that the dynamics of the distribution of expenditures are unchanged
when we remove the months of July and August from all years in our dataset. Second, Figure B3 shows
that the empirical patterns are not significantly affected when we exclude fleet sales.



display significant changes relative to their trend.!'!

3.2.1 Between versus Within Models

We decompose the total variance of expenditures on new vehicles in year ¢, V;, as follows:
Vi = VP + VY 4+ Cou",

where V;Z denotes the between-models component of the total variance, V;¥ denotes the

within-model component, and C’ovtB W denotes the covariance. Formally, we have

1 —\2
Vi = ﬁtz Z (pijt_pt) )
€My jEX it
_ _\2
VE = Z sit (P — P1)”
i€ My
1 _ 2
SIS ) =
tieM, jexXy,
2
BW _ =\ (5= =
Cov, = ﬁ Z Z (pijt - pit) (pit - pt)a
t €My jEX ¢

where ¢ € M, denotes a model sold in year ¢, 7 € X;; denotes a transaction on model i
in year t, with market share s;; IV; is the total number of transactions in year t; p;;; are
individual transaction prices; p,;;, is the average price of model 7 in year ¢; and p, is the
average transaction price in year .

The top-left panel of Figure 2 displays the total variance V; (solid line) and its components—
between models V,? (dashed line), within models V;'V (dashed-dotted line), and covariance
CovP" (dotted line). The between-models component accounts for almost 80 percent of
total variation in prices before the recession, whereas within-model dispersion in trans-
action prices accounts for approximately 20 percent of total variation.'? Most notably,
the between-models component accounts for the entire reduction in total dispersion during
the recession. In contrast, during the same period there are no significant changes in the
dispersion of prices within models, and the magnitude of the covariance term is negligi-

ble. Hence, this evidence establishes that households reallocated their expenditures toward

HFigure B6 in Appendix B displays the average transaction price of ten popular models.

12Variation in prices within models is mostly due to different trims within each model. The fact that this
variation does not appear to be relevant for the cyclical dynamics confirm that our approach of merging
the Dominion and IHS datasets at the model level is sound.



Figure 2: Variance Decomposition
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models with a typical price close to the average.
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3.2.2 New versus Old Models

The reallocation of expenditures away from expensive models prompts us to analyze the
role of newly introduced models. New models tend to be more expensive than continuing
models, fueling the long-run growth in average expenditure shown in the top-right panel of
Figure 1.

Based on our definition of a new model of Section 2, we find that new models play a
prominent role in the dynamics of the expenditure distribution. Strikingly, between 2005
and 2007, the average transaction price for new models is $28,080, which is higher than
the average for old models, $26,144.'* However, in 2008, the average price of new models
drops to $25,764, which is lower than the average for old models, $26,972.

We analyze the contribution of new models to the variance of expenditures, using the

following decomposition of total variance:

V=5 VN + (1= s )V7,

where sV is the share of transactions on new models in year ¢, VN is the variance of

expenditures on new models, and V,© is the variance of expenditures on old models. In

turn, these variances equal:

B _\2

V;N - N_iN ZieM?’ ZjeXit (pije =)
_\2

Vto N%O Zz‘eMtO szXit (pije = P1)"

where M} and M? are the sets of new and continuing models in year ¢, and N}¥ and
NP = N; — NN are the respective number of transactions.

The top-right panel of Figure 2 displays the decomposition of the total variance of
expenditures V; into the components of expenditures on new models, s¥V;", and on old
models, (1 — s¥)VC. The figure shows that the component due to new models displays
a sharp drop during the recession, fully accounting for the drop in total variance. This
pattern arises for two concurring reasons. First, the dispersion of prices of new models drops
dramatically, by nearly one-half, during the recession. The bottom-left panel of Figure 2
portrays the dynamics of the variance of expenditures on new models V¥, showing that its

drop is accounted for by its between-model component, consistent with the decomposition

13We exclude 2004 from our analysis of new models because this is the first year in the Dominion dataset,
and thus we cannot cleanly identify new models.

11



of the total variance of expenditures.'*

Second, the share of transactions on new models s decreases sharply during the reces-
sion, from a peak in 2007 of approximately 35 percent to less than 20 percent in 2009, as
the bottom-right panel of Figure 2 shows, despite the fact that new models were cheaper
during the recession.!® This pattern suggests a drop in the quality of new models during the
recession, which is thus the focus of our analysis in the following subsections. Nonetheless,
we do not observe large changes in the variance of expenditures on old models, V,°, relative
to its trend, suggesting that households did not substitute the “missing” new models of
high quality with old models of high quality—most likely delaying their purchases. Hence,
the term (1 — s¥)V,© depicted in the top-right panel of Figure 2 (dashed line) displays a
moderate increase in 2008, because of the decrease in the share s, but the effect of this
change on the total variance V; is dominated by the drop in the variance of expenditures
on new models, V.

In the aftermath of the recession, the dispersion of expenditures on new models V¥
returns to its pre-recession trend. However, Figure 2, as well as Figure B7 in Appendix
B, show that neither the share of transactions on new models sV nor the fraction of new
models on sale display signs of overshooting during the recovery. This evidence suggests
that car manufacturers did not simply respond to the recession by delaying the introduction
of high-quality new models; rather, there was a missing generation of new products, likely

contributing to the slow recovery of expenditures.

3.3 Dynamics of the Distribution of Quality

Our decompositions establish that the heterogeneity between models and, critically, new
models are the main drivers of the dynamics of the distribution of new-car expenditures.
Moreover, quality differences between new and continuing models were lowest during the
Great Recession. These patterns spur us to focus on vehicle characteristics.

To this end, we use hedonic regressions to estimate the function that maps vehicle

characteristics to prices (for a seminal contribution, see Griliches, 1961). Formally, let the

14In Appendix B we verify that these results are not affected by excluding the months of July and August
from all years to remove the effects of “Cash for clunkers” (Figure B4) or by excluding fleet sales (Figure
B5).

15The 2007 peak in the market share of new models is due to the simultaneous introduction of new
generations of three popular models: Toyota Camry, Nissan Altima, and Chevrolet Tahoe. Figure B7 in
Appendix B displays the time series of the number of transactions on new models N}V, as well as the share
of models we classify as new.

12



average price p;; of car model ¢ in year t equal:
Pie = he(Xit, Wie, i),

where hy(-) is the hedonic function; X;; are observed continuous vehicle attributes, such as
fuel efficiency, horsepower, engine size, weight, and wheelbase; W;, are observed discrete
attributes, such as indicator variables for make, four-wheel drive, number of gears, manual
transmission, turbo injection, number of cylinders, diesel, number of seats, and number of
doors; and 7;; are unobserved determinants of prices. We transform all continuous variables

in logarithms and assume that the log of the hedonic function h(-) is linear:
log pir = Prlog Xit + 1Wie + it (1)

where (3, and ~, are the vectors of coefficients, or “hedonic prices” of car characteristics.

To perform this analysis, we face the challenge that we observe detailed characteristics
of different trims of each model in the IHS dataset, whereas we observe transaction prices
at a coarser level of aggregation—namely car models—in the merged dataset. To overcome
this challenge, we aggregate all continuous characteristics of different trims of each model,
weighting different trims according to their transaction shares in the IHS dataset, whereas
we consider different discrete characteristics as different observations, or, equivalently, dif-
ferent models. Appendix B reports on robustness analyses with alternative aggregations of
continuous and discrete characteristics of different trims.

We consider three subsamples: pre-recession (2004-2007), recession (2008-2009), and
post-recession (2010-2012), assuming the coefficients are constant within each subsample
but potentially differ across subsamples. We use these hedonic regressions to implement
decompositions between the differences in the mean characteristics of vehicles over time
and the differences in the hedonic prices of these characteristics over time (Oaxaca, 1973;
Blinder, 1973). Column (1) in Panel A of Table 1 reports the hedonic prices of the main
continuous attributes X;; in the pre-recession subsample. We leverage these estimates to
track the evolution of the distribution of quality, by assigning a predicted value based
on characteristics to each model. Formally, given the estimated hedonic prices 32004_2007
and Ao004-_2007, We measure the quality of vehicle 5 in year ¢ = 2004,2005, ...,2012 as
32004,2007 log X ;i + 42004—2007Wjt. This prediction represents the value of the bundle of
characteristics contained in model j in year ¢, based on the dollar value of these character-

istics implicit in pre-recession prices.
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Figure 3: Hedonics and Vehicle Quality
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Notes: The figure displays the dynamics of average (log) transaction price in the merged Dominion-IHS
dataset (solid lines) and the average (log) value predicted with a hedonic regression—equation (1)—(dashed
lines). Each model is weighted according to its transaction share in the IHS dataset. The left panel
refers to constant pre-recession hedonic prices (2004-2007); the right panel to time-varying hedonic prices,
estimated in three subsamples: pre-recession (2004-2007), recession (2008-2009), and post-recession (2010-
2012). Horizontal axes report years (2004-2012); vertical lines highlight recession years (2008 and 2009).

The left panel of Figure 3 displays the dynamics of the average transaction price and
the average of our measure of quality. The panel shows that they grow at a similar rate
until the recession and, crucially, quality predicts the decline in the average price during the
recession. In fact, the decline in average quality between 2007 and 2008 is slightly larger
than the decline in the average price. To relate the dynamics of prices to the dynamics of
selected characteristics during the recession, we analyze the evolution of several variables
that are associated with high quality based on our hedonic regressions, such as wheelbase,
horsepower, and engine size. The averages of all these characteristics decline during the
recession, which suggests a pattern of reallocation of expenditures toward smaller and less
powerful cars, consistent with the dynamics of prices displayed in Figure 1.

However, the left panel of Figure 3 shows that a striking pattern emerges from 2009
onward. Specifically, the average price grows at a rate of approximately 2 percent per year,
whereas the average value implied by car characteristics undergoes a protracted decline,
diverging from the average price until the end of our sample. Most notably, average quality
shows no growth in the period 2007-2012, while the average price grows by 7 percent.

This apparent decoupling between prices and predicted quality, based on pre-recession
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prices, indicates that the post-recession hedonic prices of some characteristics are higher
than their pre-recession values. Different car attributes or brands may have different costs or
may be valued differently over time, implying that changes in the state of the economy likely
affect hedonic prices (Pakes, 2003). Accordingly, we re-estimate equation (1) separately in
the three subsamples, and use these different estimates to compute a second measure of
average quality. Columns (2) and (3) in Panel A of Table 1 report the hedonic prices of the
main continuous attributes X;; in the recession and post-recession subsamples, respectively.
The right panel of Figure 3 displays the dynamics of this second measure of average quality,
based on time-varying hedonic prices. The panel shows that this measure of average quality
tracks the average price closely in all sub-periods.

The difference between our first and our second measures of quality confirms that the
hedonic prices of some characteristics increased over time. As Panel A of Table 1 reports,
comparison of the coefficients of the continuous attributes across the three subsamples re-
veals that the hedonic prices of two important characteristics—wheelbase and horsepower—
increased by over 20 percent in the post-recession sample relative to the pre-recession sam-
ple.!6 In contrast, other hedonic coefficients, such as fuel efficiency, are relatively stable
across subsamples, though noisier.!” Changes in the hedonic prices of some characteristics
associated with high quality have different potential explanations, including, for instance, a
relative scarcity of models in the most expensive segments or time-varying markups. Nev-
ertheless, a persistent increase in the price of quality may partially account for the slow
recovery in new-car sales after the Great Recession.

We also investigate any differential effects between US carmakers and foreign carmakers.
While the hedonic regressions show that the point estimates of US carmaker fixed effects
are lower than those of Asian and European carmakers, respectively, the estimates do not
show differential changes across periods.

Our hedonic regressions are also well suited for accounting for the dispersion of expen-
ditures. Panel A of Table 1 reports the R? coefficients of several regressions that indicate
that car characteristics capture a large share of the between-model variance in prices: R?
coefficients of the hedonic regressions exceed 0.93 in all subsamples.

Critically, pre-recession hedonic prices accurately predict the dynamics of expenditures

16Table B1 in Appendix B reports that we obtain similar results when we focus exclusively on new
models.

I"Table 1 shows that the coefficients of some attributes, most notably engine size, are not precisely
estimated. The reason is that our regression equation (1) includes some discrete characteristics W, such
as indicator variables for the number of cylinders, which absorb almost all variation in engine size. Hence,
the residual variation in engine size is minimal and its coefficient estimate is noisy.
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Table 1: Hedonic Regressions

PANEL A: COEFFICIENT ESTIMATES OF CONTINUOUS ATTRIBUTES

) 2) (3)
PRE-RECESSION RECESSION PosT-RECESSION
LOoG(WHEELBASE) 1.138 1.273 1.495
(0.133) (0.168) (0.162)
LOoG(HORSEPOWER) 0.487 0.488 0.612
(0.039) (0.051) (0.051)
LoG(WEIGHT) 0.090 0.153 0.035
(0.060) (0.078) (0.077)
Loc(FUEL EFFICIENCY) -0.080 -0.058 -0.062
(0.051) (0.044) (0.047)
LoG(ENCINE SIZE) 0.095 0.028 -0.038
(0.051) (0.066) (0.064)
OBSERVATIONS 2,055 1,084 1,671
R? 0.939 0.958 0.950
PANEL B: QuAaLIiTY OF NEW MODELS
(1) (2) (3)
Data CONSTANT TIME-VARYING
PRICES PRrices
AVERAGE 2008 — AVERAGE 2007 -0.044 -0.052 -0.059
St. DEV. 2008 — ST. DEV. 2007 -0.073 -0.072 -0.072

Notes: Panel A reports the estimated coefficients of the log of continuous characteristics X in equation (1),
with standard errors in parentheses, in three subsamples: column (1) refers to the pre-recession subsample
(2004-2007); column (2) to the recession subsample (2008-2009); and column (3) to the post-recession
subsample (2010-2012). Panel B reports the peak-to-trough dynamics of expenditures and quality of
newly introduced models, weighted according to their transaction shares in the IHS dataset. Column (1)
reports the difference between the average log price of new models in the 2008 and the average log price of
new models in 2007 (first row) and the difference between the standard deviation of log prices of new models
in 2008 and the standard deviation of log prices of new models in 2007 (second row). Column (2) reports
the difference between the average (first row) and the standard deviation (second row) of predicted log
prices, based on constant hedonic prices estimated in the pre-recession subsample, applied to new models
introduced in 2008 and to new models introduced in 2007. Column (3) reports the difference between the
average (first row) and the standard deviation (second row) of predicted log prices, based on recession
hedonic prices applied to new models introduced in 2008 and pre-recession hedonic prices applied to new
models introduced in 2007.

on new models during the recession. Panel B of Table 1 shows that the hedonic regression
accounts for approximately 98 percent of the observed drop in between-model dispersion of

new-model prices, though it slightly overpredicts the decrease in their average price. These
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results confirm that reallocation across different levels of quality accounts for the dynamics

of the distributions of expenditures on all and new models.

Overall, our hedonic regression analysis highlights some striking dynamics in the quality
of vehicles and confirms a reallocation in expenditures away from high-quality new models.
In the next subsection we present a complementary analysis that focuses on technologi-
cal trade-offs in the set of models available on the market, abstracting from information
on prices. This analysis allows us to address some potential limitations of the hedonic
methodology, such as the difficulty of disentangling changes in marginal costs from changes

in markups and in preferences for different models, that may occur around the recession.

3.4 New Models and Technological Progress

We now analyze the level of technology embodied in vehicles and document a sharp drop
in the quality of new models introduced during the Great Recession.

We follow Knittel (2011) to measure the technological trade-off between fuel efficiency,
weight, and engine power, and to estimate its evolution over time. This methodology posits
a marginal-cost function that depends on vehicle attributes and estimates the level sets of
this function, including time fixed effects to capture the evolution of the technological

frontier. Specifically, the marginal cost function for vehicle i in year ¢ equals:
Cit = C;:l(mpgit> hpit, Wi, Zz%svzg) + C?(Zz?t)7

where ¢} (+) is the component of marginal cost related to fuel economy, which depends on
fuel efficiency mpg;;, horsepower hp;;, weight w;;, a subset of characteristics Z}, that are
relevant for the trade-off of interest, and Z% is an indicator variable for new models; ¢?(-)
is the component of the marginal cost that depends on other characteristics that are less
related to fuel economy, Z2.'® We include a large set of indicator variables for vehicle
characteristics Z}, such as make, diesel engine, turbo injection, manual transmission (also
interacted with a time trend).

We further assume that vehicle attributes enter the marginal-cost function ¢/ (-) in a log-

linear form—i.e., the cost function is Cobb-Douglas—and that time ¢ affects this function

in multiplicative form—i.e., technological progress is input neutral.'® Under these assump-

180ur dataset does not contain information about torque; thus, we measure engine power with horse-
power.
19 Appendix B reports similar results using a translog cost function.
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Figure 4: Technology of New and Old Models
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Notes: The figure displays the estimated average level of technological efficiency for new models (clear
markers) and old models (dark markers), measured as the estimated time fixed effects in regression equation
(2). The left panel refers to a regression with weights based on the number of transactions in the THS
dataset, whereas the right panel refers to a regression without weights. The horizontal axis reports years
(2004-2012); vertical lines highlight recession years (2008 and 2009).

tions, we estimate the level sets of the marginal cost c;(-) with the following specification:

log mpgis = uny log hpy + aw,logwy + az Zh + anTi + Ti + Ty x T + ey, (2)

where T} is a year fixed effect; T; x Z7 is the interaction between time fixed effects and
the indicator variable for new models, which allows the regression (2) to flexibly capture a
differential effect of the recession on new models; and ¢;; are unobservables.

Whereas the hedonic approach combines the reallocation of demand and changes in
the supply of quality, the marginal-cost estimation likely highlights quality changes that
originate on the supply side of the market. In particular, we estimate equation (2) in two
different ways, first weighting models by the number of transactions, and then without
sales weights, further isolating changes in the quality of products supplied.?

Figure 4 displays the estimated year fixed effects for new models (clear markers) and

old models (dark markers), relative to their pooled baseline value in 2004, normalized to

20In both cases, for consistency with our analysis of Section 3.3, we aggregate all continuous charac-
teristics of different trims of each model at the model level, weighting different trims according to their
transaction shares, and we consider different discrete characteristics as different observations. Appendix B
reports that the results are robust to different aggregation strategies.
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zero. The left panel portrays the estimates of the sales-weighted regression and the right
panel refers to the unweighted regression. In both cases, we find that, typically, the level of
technology of all models grows over time, with new models displaying superior technology
than old models. However, during the Great Recession, the growth rate of quality of new
models declines: In 2008, the estimated quality of new models is similar to the quality of
old models, which implies a halt in the adoption of frontier technologies embodied in new
vehicles.

Quantitatively, the coefficients displayed in Figure 4 mean that the average level of
technology of new models, measured in miles per gallon conditional on all observable car
attributes, declines by almost 5 percent between 2006 and 2008. The similarity of the left
and right panels supports the notion that the main driver of this decline is that the quality
of newly introduced vehicles drops in the recession.

Although the technological level of new models recovers sharply from 2010, the low
quality of new models introduced during the recession persistently drags the average level
of technology for the continuing models, which remains on a lower path throughout the
recovery. Overall, the technological level of old models breaks its pre-recession 2007 level
only at the end of our sample, as models introduced during the recession are gradually

replaced.

4 Conclusions

We analyze the role of quality dynamics for expenditures on durable goods. Our empirical
analysis suggests that both demand and supply factors contribute to a downward quality
adjustment in expenditures during large recessions. Specifically, we show that, amid a
decline in demand during the Great Recession, automakers introduced models of low qual-
ity, consistent with a reallocation of expenditures away from expensive models, thereby
inducing a persistent decline in the level of technology.

We believe that this descriptive evidence will prove useful in informing quantitative
models that dissect the role of demand and supply forces for innovation over the business

cycle.

19



References

ApDA, J., anD R. COOPER (2000): “Balladurette and Juppette: A Discrete Analysis of
Scrapping Subsidies,” Journal of Political Economy, 108(4), 778-806.

(2006): “The Dynamics of Car Sales: A Discrete Choice Approach,” Working

Paper 7785, National Bureau of Economic Research.

AnzoaTEGUI, D., D. CoMIN, M. GERTLER, AND J. MARTINEZ (2019): “Endogenous
Technology Adoption and R&D as Sources of Business Cycle Persistence,” American

Economic Journal: Macroeconomics, 11(3), 67-110.

ARGENTE, D., anp M. LEE (2021): “Cost of Living Inequality During the Great Reces-
sion,” Journal of the European Economic Association, 19(2), 913-952.

ARGENTE, D., M. LEE, aND S. MOREIRA (2018): “Innovation and product reallocation

in the great recession,” Journal of Monetary Economics, 93, 1-20.

ATALAY, E. (2017): “How Important are Sectoral Shocks?,” Americal Economic Journal:
Macroeconomics, 9(4), 254-280.

ATTANASIO, O. (2000): “Consumer Durables and Inertial Behavior: Estimation and Ag-
gregation of (S,s) Rules for Automobile Purchases,” The Review of Economic Studies,
67(4), 667-696.

AtTANASIO, O., K. P. LARKIN, M. O. RAVN, anp M. PADULA (2020): “S(cars) and
the Great Recession,” NBER Working Paper 27956.

Barsky, R. B., C. L. HOUSE, anp M. S. KiMBALL (2007): “Stick-Price Models and
Durable Goods,” American Economic Review, 97(3), 984-998.

BENIGNO, G., aND L. FORNARO (2018): “Stagnation Traps,” The Review of Economic
Studies, 85, 1425-1470.

BERGER, D., aAND J. VAVRA (2015): “Consumption Dynamics During Recessions,” Econo-
metrica, 83(1), 101-154.

BERNANKE, B. (1985): “Adjustment Costs, Durables, and Aggregate Consumption,” Jour-
nal of Monetary Economics, 15, 41-68.

20



Bianchl, F., H. Kunag, anpD G. MORALES (2019): “Growth, Slowdowns, and Recoveries,”
Journal of Monetary Economics, 101, 47-63.

BiLs, M. (2009): “Do Higher Prices for New Goods Reflect Quality Growth or Inflation?,”
Quarterly Journal of Economics, 124(2), 637-675.

BiLs, M., ano P. J. KLENOwW (2001): “Quantifying Quality Growth,” American Eco-
nomic Review, 91(4), 1006-1030.

BLINDER, A. S. (1973): “Wage Discrimination: Reduced Form and Structural Estimates,”
Journal of Human Resources, 8(4), 436-455.

Bropa, C., anp D. E. WEINSTEIN (2010): “Product Creation and Destruction: Evidence

and Price Implications,” American Economic Review, 100(3), 691-723.

CABALLERO, R. J. (1993): “Durable Goods: An Explanation for Their Slow Adjustment,”
Journal of Political Economy, 101(2), 351-384.

DOMINION DEALER SOLUTIONS (2019): “Data on New-Car Prices, 2004-2012,” Norfolk,
VA.

DuPOR, B., R. L1, S. MEHKARI, AND Y.-C. TsAr (2018): “The 2008 U.S. Auto Market
Collapse,” Working Paper 2018-019A, Federal Reserve Bank of St. Louis.

EBERLY, J. C. (1994): “Adjustment of Consumers’ Durables Stocks: Evidence from Au-
tomobile Purchases,” Journal of Political Economy, 102(3), 403-436.

EmNav, L. (2007): “Seasonality in the U.S. motion picture industry,” The RAND Journal
of Economics, 38(1), 127-145.

FISHER, J. D., D. S. JOHNSON, anD T. M. SMEEDING (2013): “Measuring the Trends in
Inequality of Individuals and Families: Income and Consumption,” American Economic
Review, Papers and Proceedings, 103(3), 184—-188.

GAvAzzZA, A., AND A. LANTERI (2021): “Credit Shocks and Equilibrium Dynamics in
Consumer Durable Goods Markets,” The Review of Economic Studies, 83(6), 2935-2969.

GavazzA, A., A. Lizzeri, aND N. ROKETSKIY (2014): “A Quantitative Analysis of the
Used-Car Market,” American Economic Review, 104(11), 3668-3700.

21



GRANJA, J., AND S. MOREIRA (2020): “Product Innovation and Credit Market Disrup-

tions,” Mimeo, University of Chicago.

GRILICHES, Z. (1961): “Hedonic Price Indexes for Automobiles: An Econometric Analysis
of Quality Change,” in The Price Statistics of the Federal Government, pp. 173-196.

National Bureau of Economic Research.

HOEKSTRA, M., S. L. PULLER, AND J. WEST (2017): “Cash for Corollas: When Stimulus
Reduces Spending,” American Economic Journal: Applied Economics, 9(3), 1-35.

ITHS MARKIT (2020): “Data on New-Car Model Characteristics, 2003-2012,” London, UK.

Jamvovich, N.; S. REBELO, aND A. WoONG (2019): “Trading Down and the Business
Cycle,” Journal of Monetary Economics, 102, 96—121.

JARAVEL, X. (2019): “The Unequal Gains from Product Innovations: Evidence from the
U.S. Retail Sector,” Quarterly Journal of Economics, 134(2), 715-783.

KNITTEL, C. R. (2011): “Automobiles on Steroids: Product Attribute Trade-Offs and
Technological Progress in the Automobile Sector,” American Economic Review, 101(7),
3368-3399.

Mankiw, G. (1982): “Hall’s Consumption Hypothesis and Durable Goods,” Journal of
Monetary Economics, 10(3), 417-425.

McKAy, A., anp J. F. WIELAND (2021): “Lumpy Durable Consumption Demand and
the Limited Ammunition of Monetary Policy,” Econometrica, 89(6), 2717-2749.

MEYER, B. D., anp J. X. SULLIVAN (2013): “Consumption and Income Inequality and
the Great Recession,” American Economic Review, Papers and Proceedings, 103(3), 178~
183.

OAXACA, R. (1973): “Male-Female Wage Differentials in Urban Labor Markets,” Interna-
tional Economic Review, 14(3), 693-709.

PakEes, A. (2003): “A Reconsideration of Hedonic Price Indexes with an Application to
PC’s,” American Economic Review, 93(5), 1578-1596.

SHLEIFER, A. (1986): “Implementation Cycles,” Journal of Political Economy, 94(6),
1163-1190.

22



Vinar, F., anp O. LICANDRO (2020): “Switching-track after the Great Recession,” Discus-

sion papers, University of Nottingham, Centre for Finance, Credit and Macroeconomics
(CFCM).

voM LEHN, C., anpD T. WINBERRY (2022): “The Investment Network, Sectoral Comove-

ment, and the Changing U.S. Business Cycle,” Quarterly Journal of Economics, 137(1),
387-433.

23



APPENDICES

A Data and Measurement

In this appendix, we describe our procedure for merging the Dominion dataset and the THS

dataset and explain our definitions of vehicle models.

A.1 Merging Dominion and IHS Datasets

For each transaction in the Dominion dataset, we observe a string for make name—e.g.,
“TOYT” for Toyota—and a string for model name—e.g., “Camry”— as well as the corre-
sponding model-year, which may or may not correspond with the calendar year in which the
transaction takes place because new models marketed as model-year t are often introduced
in year t — 1.

For each vehicle model in the THS dataset, we observe a string for make name—e.g.,
“Toyota”—and a string for model name—e.g., “Toyota Camry”— as well as a variable
named generation-year, which allows us to identify different generations of a same model—
e.g., first generation, second generation, etc. Moreover, we also observe the total number

of US transactions by calendar year.

1. In the Dominion dataset we identify all strings corresponding to make and model

names.
2. We perform the same step, identifying make and model names in the THS dataset.

3. For all make-model names in the Dominion dataset (point 1), we find a single corre-
sponding make-model name in the IHS dataset (point 2). Whenever we do not find
a match for the make-model name (approximately 16 percent of cases), we assign as
model name the combination of make name and the first word of the model string

from the Dominion dataset.

4. For each make-model name in the Dominion dataset, we identify the corresponding set
of model-years for which we observe a positive number of transactions. For example,
in the case of the Toyota Camry, these model-years are 2003, 2004, ..., 2013.

5. For each make-model-generation in the IHS dataset, we identify the first model-year

with a positive number of transactions in the IHS dataset. If the first year with a
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positive number of transactions of a make-model-generation is year ¢, we infer that
the first model-year for that make-model-generation is year t 4+ 1, to account for the
fact that vehicles marketed as model-year t are typically first introduced in the market

in year t — 1.

6. We merge the dataset of Dominion make-model-years (point 4) with the Dominion-

IHS matched list of make-model names (point 3).

7. We assign each make-model-year from the Dominion dataset (point 6) to the cor-
responding make-model-generation (point 5) as follows: Toyota Camry model-years
2007-2011 are assigned to the generation-year 2007 and Toyota Camry model-years
2012 through 2013 are assigned to generation-year 2012.

A.2 Model Definitions

We define a vehicle model as a triplet of make, model, and generation obtained following
the merging procedure described above—e.g., Toyota Camry generation-year 2007.

We define a new model in year ¢ as a model for which we observe the first transaction in
year t or in year t — 1, to account for the fact that the first transaction on a new model tends
to appear in the second half of the year. Specifically, this implies that we consider a model
as new whenever its model year in the Dominion dataset corresponds with its generation
year, and possibly also whenever we observe a transaction for this model that occurs in a
calendar year preceding its model year. Thus, this definition includes new model names as
the first generation of a model, as well as new generations of existing model names.

We should point out that because we observe transaction prices at the model level
in the Dominion dataset and, thus, we merge information from the Dominion dataset
and the THS dataset at the model level, there remains some residual heterogeneity in
vehicle characteristics across different trims of each model in the IHS dataset. To deal
with this heterogeneity, in our analyses of car characteristics in Sections 3.3 and 3.4, we
average all continuous car characteristics across different trims of each model using their
respective transaction shares in the IHS dataset, whereas we treat vehicles with different
values of discrete characteristics—such as diesel, or turbo injection—as different models.
In Appendix B we consider an alternative approach, aggregating both continuous and
discrete characteristics at the model level using their transaction shares. As Figures B8

and B9 show, our main findings are robust to this alternative approach, suggesting that
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Figure B1: Consumer Expenditures on Durable Goods and on Motor Vehicles
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Notes: Personal Consumption Expenditures on Durable Goods (left panel) and on Motor Vehicles and
Parts (right panel) during 2004-2012.

the level of aggregation of car characteristics, as well as the exact number of models, do

not affect our results.

B Additional Empirical Evidence

In this appendix, we provide additional empirical evidence and document several robustness
checks.

B.1 Dynamics of the Distribution of Expenditures

Figure B1 displays aggregate consumer expenditures on durable goods (left panel) and
on vehicles (right panel) during 2004-2012. Figure B2 reproduces the findings displayed
in Figure 1, but excluding the months of July and August in each year to show that the
patterns of the distribution of expenditures on new vehicles are not significantly affected by
the Cars Allowance Rebate System—commonly referred to as “Cash for clunkers”—which
was implemented during July and August of 2009. Figure B3 displays the same variables,
but excludes fleet sales—which account for approximately 5 percent of transactions—to

show that our main findings are unchanged if we restrict attention to consumer sales only.
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Figure B2: Dynamics of New-Vehicle Expenditures, Excluding July and August of Each
Year
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Notes: The figure displays the number of new-car sales (top-left panel), the average (top-right panel),
the standard deviation (bottom-left panel), and three percentiles—10th, 50th, and 90th—(bottom-right
panel) of the distribution of transaction prices from the Dominion dataset, excluding the months of July
and August of each year. Horizontal axes report years (2004-2012); vertical lines highlight recession years
(2008 and 2009).

B.2 Decomposing the Dispersion of Expenditures

Figures B4 and B5 reproduce the findings displayed in Figure 2 under the same two ro-
bustness checks described above: namely, removing July and August to exclude the effects
of “Cash for clunkers” and removing fleet sales, respectively.

Figure B6 portrays the path of the average transaction price for ten popular models.
Specifically, we select the five models with the highest sales volume with price below the
overall sample median, and the five models with highest sales volume with price above

the median. For all of these models, the figure shows that prices did not significantly
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Figure B3: Dynamics of New-Vehicle Expenditures, Excluding Fleet Sales
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Notes: The figure displays the number of new-car sales (top-left panel), the average (top-right panel), the
standard deviation (bottom-left panel), and three percentiles—10th, 50th, and 90th—(bottom-right panel)
of the distribution of transaction prices from the Dominion dataset, excluding fleet sales. Horizontal axes
report years (2004-2012); vertical lines highlight recession years (2008 and 2009).

deviate from trend during the Great Recession. This confirms that reallocation between
models, instead of price changes at the model level, account for changes in the distribution
of expenditures during the recession. Consistent with this evidence, Gavazza and Lanteri
(2021) show that price changes during the Great Recession were concentrated in used-car
markets.

Figure B7 displays the time series of the total number of sales and the number of sales
of new models (left panel) and the share of models we classify as new models (right panel).
These two figures show that both the share of transactions on new models and the flow of
new-product introduction are procyclical, peaking in 2007 and dropping during the Great

Recession.
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Figure B4: Variance Decomposition, Excluding July and August of Each Year
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Notes: The figure displays several decompositions of the variance of transaction prices in the Dominion
dataset, excluding the months of July and August of each year. The top-left panel displays the decom-
position of the variance of new-vehicle transaction prices V; (solid line) into the following components:
between models V;? (dashed line); within models V;'Y' (dashed-dotted line); and covariance term Covf ad
(dotted line). The top-right panel displays the decomposition of the variance V; (solid line) into two compo-
nents: new models sV, (dashed-dotted line) and old models (1 — s¥)V,? (dashed line). The bottom-left
panel displays the variance of expenditures on new models V;¥ (solid line) and its decomposition into
between-models component V,V*® (dashed line), within-models component V""" (dashed-dotted line),
and covariance term Coviv B.W (dotted line). The bottom-right panel displays the share of transactions

on new models s¥. Horizontal axes report years (2004-2012); vertical lines highlight recession years (2008
and 2009).

B.3 Dynamics of the Distribution of Quality

Figure B8 displays the results of robustness analyses of average quality dynamics measured
with hedonic regressions. Specifically, while we produce Figure 3 in Section 3.3 by aggre-

gating continuous characteristics of different trims at the model level, but considering trims

29



Figure B5: Variance Decomposition, Removing Fleet Sales
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Notes: The figure displays several decompositions of the variance of transaction prices in the Dominion
dataset, excluding fleet sales. The top-left panel displays the decomposition of the variance of new-vehicle
transaction prices V; (solid line) into the following components: between models V;? (dashed line); within
models V' (dashed-dotted line); and covariance term Covf i (dotted line). The top-right panel displays
the decomposition of the variance V; (solid line) into two components: new models s¥V;"¥ (dashed-dotted
line) and old models (1—s)V,? (dashed line). The bottom-left panel displays the variance of expenditures
on new models VY (solid line) and its decomposition into between-models component V;"*# (dashed line),
within-models component V""" (dashed-dotted line), and covariance term Cov;"?*" (dotted line). The
bottom-right panel displays the share of transactions on new models s)¥. Horizontal axes report years
(2004-2012); vertical lines highlight recession years (2008 and 2009).

with different discrete characteristics—such as diesel, or turbo injection—as distinct mod-
els, in these robustness analyses we aggregate both continuous and discrete characteristics
of different trims of each model.

We consider two alternative specifications of the hedonic regressions. The first specifi-
cation (top panels) is more flexible and uses indicator variables for discrete characteristics,

as in equation (1). Within each model, we average the discrete characteristics weighting
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Figure B6: Average Price of Ten Popular Models
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Notes: The figure displays the average transaction price of ten popular models in the Dominion dataset.
Specifically, we select the five models with the highest levels of sales and price below the median, and
the five models with the highest levels of sales and price above the median. Horizontal axes report years
(2004-2012); vertical lines highlight the recession years (2008 and 2009).

different trims according to their transaction shares. We then round the average to the clos-
est discrete value, and set the corresponding indicator variable equal to one. The second
specification (bottom panels) treats all characteristics that vary across trims—including
discrete ones—as continuous variables and assumes a log-linear relationship between prices
and all of these characteristics. Within each model, we average the discrete characteristics
weighting different trims according to their transaction shares and treat the average as
the value of a continuous characteristic. Because make and body type do not vary across
trims within each model, we control for these two attributes with indicator variables as in
equation (1).

The first specification has an overall better fit, because the indicator variables better
capture the nonlinearities in the relation between discrete attributes—such as the number
of cylinders—and prices, whereas the second specification features a finer measurement of

discrete variables—as it does not rely on rounding—but imposes a linear relation between
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Figure B7: Transactions and Share of New Models
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Notes: The left panel displays the number and compositions of new-car sales in the Dominion dataset
during 2004-2012. The solid line refers to all sales; the dashed line refers to sales of new-car models only.
The right panel displays the time series of the share of models we classify as new models. Horizontal axes
report years (2004-2012); vertical lines highlight the recession years (2008 and 2009).

all attributes and prices.

Critically, in both cases we find that quality growth is stagnant after the Great Recession
when we measure it with pre-recession hedonic prices (left panels), whereas average quality
tracks the average price more closely when we use time-varying hedonic prices (right panels).
These results suggest that the level of aggregation of car characteristics, as well as the exact
number of models, do not affect our main findings.

Table B1 reports selected coefficients of our hedonic regressions, with the same level
of aggregation as in Section 3.3, when we focus exclusively on new models. Consistent
with our baseline specification that pools all models (top panel of Table 1), we measure an
increase in several hedonic prices of characteristics associated with high quality between

the pre-recession and the post-recession periods.

B.4 New Models and Technological Progress

Figure B9 reports several robustness checks of our estimates of the technology level for new
and old models. Specifically, the top-left panel reports the results we obtain by replacing
the variable weight with three geometric dimensions—wheelbase, width, and height—in

regression equation (2). Estimates of the technology level for new and old models are
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Table B1: Hedonic Regressions, New Models

(1) (2) (3)
PRE-RECESSION RECESSION PosT-RECESSION

LOoG(WHEELBASE) 1.375 2.456 1.815
(0.272) (0.456) (0.511)
LOG(HORSEPOWER) 0.409 0.324 0.483
(0.084) (0.142) (0.112)
Loc(WEIGHT) 0.340 0.933 0.554
(0.143) (0.205) (0.216)
Loc(FUEL EFFICIENCY) 0.051 0.307 -0.253
(0.083) (0.118) (0.131)
LoG(ENGINE S1ZE) 0.006 -0.288 -0.135
(0.104) (0.166) (0.130)

OBSERVATIONS 457 215 306
R? 0.965 0.969 0.982

Notes: The table reports the estimated coefficients of the log of continuous characteristics X;; in equation
(1), with standard errors in parentheses, using data on new models only in three subsamples: column (1)
refers to the pre-recession subsample (2004-2007); column (2) to the recession subsample (2008-2009); and
column (3) to the post-recession subsample (2010-2012).

remarkably similar to the ones we show in Figure 2.

The top-right panel of Figure B9 displays our estimates of the technological level of
new models and old models under the assumption of a translog cost function. Under
this assumption, we recover the path of technological progress by estimating the following

regression equation:

logmpgy = iy, log hpy + o log wy + oy Zjy + ANIN + T, + T, x ) + (B1)

a2 (log hpie)? + a2 (log wy)* + Wpp o 108 Py X log wiy + €44

The results are qualitatively and quantitatively similar to those we obtain in Figure 4 under
the assumption of a Cobb-Douglas cost function.

The bottom panel of Figure B9 displays our estimates of the technological level of new
models and old models when we aggregate both continuous and discrete characteristics of
different trims of each model, using their transaction shares in the THS dataset, consistent
with the hedonic analysis displayed in Figure B8. Our results are robust to this differ-

ent level of aggregation of car characteristics, buttressing our argument that the level of
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aggregation of car characteristics and the exact number of models do not affect our results.

Figure B10 displays the results we obtain by estimating regression equation (2) without
an interaction term between year fixed effects and the indicator function for new models,
without sales weights (left panel) and with sales weights (right panel). In this analysis,
we effectively pool all models to estimate a common level of technology, and still find a

substantial decrease in quality during the Great Recession.
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Figure B8: Hedonics and Vehicle Quality, Aggregating All Characteristics
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Notes: The figure displays the dynamics of average (log) transaction price in the merged Dominion-IHS
dataset (solid lines) and the average (log) value predicted with a hedonic regression (dashed lines), when we
aggregate both discrete and continuous characteristics of different trims at the model level. Top panels refer
to a flexible specification with indicator variables for discrete characteristics, as in equation (1). Within each
model, we average the discrete characteristics weighting different trims in proportion to their transaction
shares. We then round the average to the closest discrete value, and set the corresponding indicator
variable equal to one. Bottom panels refer to an alternative specification that treats all characteristics that
vary across trims—including discrete ones—as continuous variables and assumes a log-linear relationship
between prices and characteristics. Within each model, we average the discrete characteristics weighting
different trims in proportion to their transaction shares and treat the average as the value of a continuous
characteristic. Because make and body type do not vary across trims within each model, we control for
these two attributes with indicator variables as in equation (1). Left panels refer to constant pre-recession
hedonic prices (2004-2007); right panels to time-varying hedonic prices, estimated in three subsamples:
pre-recession (2004-2007), recession (2008-2009), and post-recession (2010-2012). Horizontal axes report
years (2004-2012); vertical lines highlight recession years (2008 and 2009).
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Figure B9: Technology of New and Old Models—Robustness
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Notes: The figure displays several robustness checks of our measure of technology level for new and old
models. Specifically, the top-left panel displays the results we obtain by replacing the variable weight in
equation (2) with the variables wheelbase, width, and height. The top-right panel displays the estimates
we obtain for regression equation (B1l)—i.e., assuming a translog cost function. The bottom panel displays
the estimates we obtain when we aggregate both continuous and discrete characteristics of different trims of
each model using their transaction shares. Horizontal axes report years (2004-2012); vertical lines highlight
recession years (2008 and 2009).
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Figure B10: Technology of All Models
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Notes: The figure displays the estimated average level of technological efficiency for all models, based on
equation (2), removing the interaction term between new models and time. The left panel refers to a
regression with weights based on the number of transactions in the IHS dataset, whereas the right panel
refers to a regression without weights. Horizontal axes report years (2004-2012); vertical lines highlight
recession years (2008 and 2009).
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