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MILKING IT
Exploring the impact of plant-based milk in the US
Samara Mendez1 and Jacob Peacock2

EXECUTIVE SUMMARY
This project aims to evaluate the impact of the increasing availability of plant-based milk alternatives on

demand for fluid dairy milk in the United States. We investigate this question by conducting three analyses:

(1) gathering and comparing different sources of plant-based sales data to investigate data variability and

to determine whether plant-based milk sales are sufficient to replace declining dairy sales, (2) summarizing

research on the relationship between plant-based and dairy milks to determine whether the products

are price substitutes for each other, and (3) estimating demand for whole and 2% dairy milk in separate

periods between 2001–2019 and comparing one period’s responsiveness to price fluctuations against the

other period to determine whether dairy milk demand has undergone major changes that could have been

caused by the expansion of plant-based milk products. Our results confirm that the volume of plant-based

milk consumed has increased over time, but not enough to fully explain the observed decline in dairy milk

consumption. We find that dairy sales are relatively insensitive to changes in prices of plant-based milks

while plant-based milk sales respond to changes in prices of lower-fat dairy milks more than higher-fat

dairy milks. Unusual data patterns and estimation results suggest that the dairy demand model needs

refinement before drawing confident conclusions, but our tentative findings indicate that whole and 2%

dairy milk consumption is decreasing despite decreases in price and that consumer responsiveness may

have changed in recent years. That said, the overall results suggest that we cannot confidently attribute all

of this potential change in dairy milk demand to consumption of plant-based milk products.
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1. INTRODUCTION
Plant-based alternatives to animal food products are mak-
ing headlines, and dairy alternatives in particular have ex-
panded in variety and market presence in the past decade.
Some animal advocates and plant-based product manufac-
turers hypothesize that the increasing abundance of plant-
based versions of fluid milk, butter, cheese, and yogurt has
offset demand for dairy products by providing competi-
tive alternatives, while some in the dairy industry suggest
otherwise. However, empirical evidence about the impact
of growth in availability of and demand for plant-based
alternatives on demand for animal products is limited.

This project aims to evaluate the impact of plant-based
milk alternatives, specifically their increasing availability,
on demand for fluid dairy milk products in the United
States (US). Informed by historical data, previous research,
and economic theory, we examine three relationships to
investigate the impact of plant-based milks by evaluating:
(1) whether quantity sales of plant-based alternatives are
sufficient to replace declining dairy sales, (2) whether cross-
price elasticities indicate a price substitute relationship, and
(3) whether the own-price elasticity of dairy products has
increased over time, suggesting an increase in the presence
of substitute products.
Our work expands on the literature around milk con-

sumption and substitution patterns, which has recently

begun to include plant-based alternatives. Most closely
related to our first line of evidence is Stewart et al. [1],
which examines household panel data on plant-based and
dairy milk sales and finds that fluid volume of plant-based
milk purchases can account for only about 1/5th of the
decrease in volume of dairy milk purchases [1, p13]. A
vector autoregressive (VAR) time-series model is used to
simulate counterfactuals in which plant-based sales grow
at a much slower rate, a phenomenon that the authors sug-
gest might have occurred if the government had enacted a
policy preventing companies from selling plant-based al-
ternative products with the word “milk” on their labels.
As expected, the research design does not provide causal
identification but does find correlational evidence suggest-
ing that sales of plant-based milks are associated with some
decline in dairy milk sales. To expand on these results, we
collect data on plant-based milk prices, quantity sales, and
dollar sales from public sources. We use these public data
to validate the IRI data used in Stewart et al.’s analysis and
verify overall trends in the plant-based milk market.

A small but growing body of literature investigates the
relationships between plant-based and dairy milks by esti-
mating cross-price elasticity, or how thequantity demanded
of one product responds to changes in price of another.
Dhar and Foltz [2] shows that early commercial soy milk
products were substitutes only for flavored dairy milks. Us-
ing more current data, Dharmasena and Capps [3] shows
that soy milk is a substitute for plain dairy milk averaged
across all types. Copeland and Dharmasena [4] finds a
similar relationship for soy and dairy milk, although the
estimates of cross-price elasticities between almond and
dairy milks suggest a complement relationship. Li [5] finds
that coconut, almond, and soy milks are complements for
plain dairymilk. Ghazaryan [6] finds that soy, almond, and
“all other” nondairy milks are substitutes for skim dairy
milk; almond and soy milks are complements for 2% and
1% dairy milk combined; and almond milk is a substitute
for whole dairy milk while soy milk is a complement. We
qualitatively synthesize these results to compile and clarify
these relationships.

These studies provide a complicated picture of the price
relationships between plant-based and dairy milk, but rela-
tive prices may not be the only influence that plant-based
milks have on the demand for dairymilk. Economic theory
suggests that demand for plain dairy milk should be deter-
mined by several factors, including dairy milk prices; the
prices and availability of substitute products like nondairy
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milk and other ready-to-drink beverages; consumer in-
comes; expectations about future prices; and tastes and
preferences. Theory also suggests that the own-price elas-
ticity of demand for any product, a measure of the respon-
siveness of demand to price changes that is calculated from
the underlying demand structure, will increase in the long
run when there are more substitute products available. We
therefore look for evidence of changes to the structure of
dairy milk demand that could have been caused by the
increase in the number and variety of plant-based milks;
to do so, we estimate and compare short-run plain dairy
milk price elasticities across different time periods. This
method is employed in the energy economics literature to
investigate potential structural changes in demand for fuel
[7; 8]. While the available data do not allow us to isolate
the different reasons for substitution, evidence of an in-
crease in the own-price elasticity of dairy milk over time
would provide support for the existence of a substitution
relationship between plant-based and dairy milk through
a mechanism other than price.
Our results suggest that plant-based milk proliferation

may not be the most important factor in the decline of
dairy milk. The validation of plant-based data in Section
2 suggests that consumption of plant-based milk has in-
creased but not enough to substitute for the concomitant
decrease in dairy milk consumption. Our investigation
into the relationships between products in Section 3 shows
that changes in plant-based milk prices do little to affect
demand for dairy milk, on average. Thus, any offsetting
of dairy milks by plant-based milks may be for reasons
other than relative price changes. The analysis of dairy de-
mand in Section 4 illuminates unusual data patterns and
provides unexpected estimation results. The data show
that dairy consumption has decreased alongside decreas-
ing dairy prices, to the point that our tentative elasticity
estimates are positive in the later period. Future work to
uncover the underlying factors of the substitution relation-
ship and to understand the puzzle of positive dairy demand
elasticities may interest researchers looking explore these
relationships in more depth, as we discuss in Section 5, but
those working to refine the dairy elasticity estimation pro-
cedure may wish to investigate a different demand model.

2. VALIDATING GROCERY DATA
2.1. Methodology
To better understand variability in estimates of plant-based
milk market characteristics and to validate the data used

in Stewart et al. [1], we compare other available data on
plant-basedmilk sales with the data extracted from Stewart
et al. First, we search government and industry publica-
tions for annual country-level US data on three measures
of the plant-based milk alternative market: average unit
prices, quantity sales, and dollar sales (where dollar sales
= average unit price × quantity sales). Second, we extract
the data, which are available in the file data/raw/public-
plant-revenues.csv in the Open Science Framework
(OSF) repository for this project at https://osf.io/E95DP/.
All subsequent references to a data repository or directo-
ries refer to this location. Third, the data are coded by
source (for example: IRI, Nielsen, or SPINS), and any de-
tails about the data collection methods are extracted. Doc-
umentation of each published data point is provided in
data/raw/source-records. Fourth, we use the data ex-
traction software WebPlotDigitizer [9] to obtainweekly
data on the number of gallons of plant-based milk con-
sumed per household published in Figure 2 of Stewart et
al. These data are located in the file data/raw/stewart-
plant-quantity.csv. We convert this to weekly dollar
sales by multiplying the price per gallon of plant-based
milk (provided in Stewart et al. and linearly interpolated)
and the annual number of households in the United States
(from the United States Census Bureau’s Current Popula-
tion Survey historical tables [10]). We calculate the annual
sales of plant-based milks with 52-week rolling sums.
Fifth, in a minor deviation from our preregistration

[11, p. 3], we convert all dollar sales estimates to percent-
ages of total grocery spending in the corresponding time
periods using data from the USDA [12]. For example,
rather than report that $13 billion dollars of plant-based
milk were sold in a given year, we report that 0.2% of dol-
lars spent on groceries were spent on plant-based milks
that year. This change to the analysis does not effect the
validation since all estimates were scaled by comparable
factors, but presents a more accurate view of the plant-
based milk market by eliminating trends in population
growth, inflation and changes in overall grocery purchas-
ing behavior. The final analysis data, including the pre-
registered outcome of dollar sales (named plant_spend),
are located in the file data/final/plant-based-milk-
sales-grocery-share.csv. Finally, we compare the var-
ious estimates of plant-based milks prices and sales to look
for consistency between sources.
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2.2. Results
Our search generates a validation data set with 19 estimates
of dollar sales of plant-based milks from nine publications
and no estimates of average unit price or quantity sales.
The validation data represent the plant-based milk mar-
ket from 2015 to 2019, with most data points after 2016.
Therefore, half of the Stewart et al. data can not be vali-
dated. Data sources for the validation data are Nielsen (9),
SPINS (2), or SPINS and IRI jointly (8). The majority
of the validation data are published by two non-profits
promoting plant-based milks: The Good Food Institute
and the Plant-Based Foods Association. The remaining
data were published in a government report, in an industry
conference proceedings, and by Nielsen itself. All the vali-
dation data are based on grocery scanner data, where sales
data are collected at the point of purchase, rather than the
consumer panel surveys from IRI used in Stewart et al.
Figure 1 displays 17 of the 19 validation data points

alongside the Stewart et al. data. The data reflect sales of
plant-based milks as a percentage of total grocery sales in a
52-week period. Two outliers around 0.58%, which come
from the same source, are excluded from the figure for
readability. The remaining data form two clusters, around
0.205% and 0.24%, where data points representing similar
time periods show substantial discrepancies. This corre-
sponds to a difference of about $150 million dollars in
one example pair of data points. These clusters do not
correlate with source, publisher of the data or any other
obvious factor in the reported data collection methods.
Where Stewart et al. data does overlap the validation data,
it matches the lower cluster relatively closely. Taken as a
whole, the data suggest an upward trend of approximately
0.015 percentage points per year.

2.3. Conclusions
The results of our validation are mixed. We find discrepan-
cies within the validation data which were not explained
by any reported differences in data collection methods. We
speculate that these discrepancies may be explained by dif-
ferences in the definitionor constructionof the plant-based
milk category across publications. For example, perhaps
the complex of coconut-based beverages (coconut juice,
milk, water, cream) may be difficult to reliably classify into
plant-based milks (that is, dairy analogs) and other bever-
ages. Better reporting on the details of the data collection
methodsmight allow further investigation of these discrep-
ancies and make the resulting data more credible.

The close overlap between the Stewart et al. data and
some of the validation data is notable, especially given dif-
ferences in data collection methods (grocery scanner vs.
consumer panel surveys). However, other parts of the vali-
dation data do not correspond with the Stewart et al data.
While the overall trend of the Sewart et al. data is repro-
duced in the validation data, some minor trends are not,
like the decline during 2015 and subsequent increase in
2016.

In addressing our research question of whether quantity
sales of plant-based alternatives are sufficient to replace
declining dairy sales, our validation of the Stewart et al.
data corroborates their conclusions. The fluid volume of
plant-based milk sold is insufficient to replace the volume
of dairy milk Americans used to consumed, at least over
their studyperiod from2013 to2017. The volumeofplant-
based milk purchased during each of those years accounts
for only 1/5th of the decline in dairy volume [1, p13]. Due
to a lack of data beyond these dates, we are unable to extend
the conclusions to present day.

3. SYNTHESIS OF ELASTICITIES
3.1. Methodology
Our qualitative synthesis of the price relationships between
dairy and plant-based milks, or the cross-price elasticities,
follows the synthesiswithoutmeta-analysis (SWiM) report-
ing guidelines [13; 14]. SWiM guidelines ensure transpar-
ent and systematic reporting of synthesis methods when
meta-analysis is not applied. Our methodology uses a con-
solidated version of the guidelines provided in Campbell
et al. [13] as a framework.

Study selection and grouping criteria Our main crite-
rion for selecting studies is the presence of an empirically
estimated cross-price elasticity of demand between plant-
based and dairymilks. We conduct a literature search using
the key words “estimated,” “cross-price elasticity,” “milk
demand,” “dairy,” “nondairy,” “soy milk,” “almond milk,”
“oat milk,” and “plant-based milk,” which identifies six
studies that estimated cross-price elasticities of dairy and
plant-based milks [2; 3; 5; 6; 15; 16]. Okrent et al. [16] is
excluded from the synthesis because it provides elasticity
estimates only for the aggregation of soy, almond, and rice
milk, which would not have been comparable to any other
estimates.

These studies report elasticity estimates for several pairs
of products, and we group the results accordingly in our
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Figure 1 Plant-based milk sales as a percentage of total grocery sales
About 0.2% of all dollars spent on groceries in the United States are spent on plant-based milks each year. Each data
point represents the percentage of grocery dollars spent on plant-based milks during a 52-week period starting on the
given date. Solid lines connect estimates of the plant-based milk market provided in the same publication and thus
most directly comparable. Supporting data and code are available in the repository https://osf.io/E95DP/.

analysis. For example, we group estimates of the elasticity
of soymilk demandwith respect to a change in whole dairy
milk price distinctly from estimates of elasticities of whole
dairy demand with respect to almond milk price.

Standardized metric Elasticity of demand is, by defini-
tion, constructed to be a unit-free measurement of the per-
centage change in quantity demanded of one good that is
associated with a one percent increase in either that good’s
own price (“own-price elasticity”) or the price of another
good (“cross-price elasticity”). Therefore, elasticities are
already standardized across studies. Weuse elasticitymagni-
tude and sign as our standardizedmetric for synthesis. The
sign of a cross-price elasticity estimate has economic sig-
nificance, indicating whether a pair of products behave as
substitutes (positive sign) or complements (negative); simi-
larly, the magnitude of the elasticity indicates the strength
of the relationship. Own-price elasticities are almost al-
ways negative, but the magnitude of the estimate indicates
whether demand for a good is “elastic” (more negative than
−1) or “inelastic” (between−1 and 0). We focus onmostly
on cross-price elasticities in this section and discuss own-
price elasticities in Section 4.

Synthesismethod Fromeach study and for each estimate
of elasticity within the study, we extract the data source,
sample size, sample period, estimation strategy, point esti-
mate, and whether the estimate was statistically significant
(where available, and either as reported or calculated from
reported standard errors.).1 These data are located in the
file data/raw/synthesis-crossprice-
elasticities.csv. We calculate the mean of the elastic-
ity point estimates and number of results that contribute
to the calculation, and we tally the number of positive and
negative estimates. We plot all results for each elasticity
using point estimates and their statistical significance on a
plot centered around zero,2 andwediscuss the implications
of the elasticity means in the section below.

Briefly, we qualitatively discuss below differences in the
reported effects between studies in the context of data
sources, sample size, empirical setting (sample period and
1 Three of the five studies only provide qualitative statistical signifi-
cance of the elasticity estimates.

2 We choose zero as midpoint of our plot since our economic conclu-
sions about the elasticity relationship change on either side of this
threshold.
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geographic aggregation level), estimation strategy, and sta-
tistical significance of results. Finally, we briefly and quali-
tatively discuss below our certainty of our synthesis con-
clusions by considering the residual risk of bias for each
study.

3.2. Results
Selection, grouping, and metric We extract 74 out of
135 total own- and cross-price elasticity estimates for nine
plain milk types as defined by the study authors: soy, al-
mond, coconut, other nondairy (which includes rice, cashew,
coconut, flax, hazelnut, walnut, grain, pecan, and “other”
milks), dairy (which includes plain fluid milk of all fat con-
tent), whole, reduced/ low fat (which includes 2% and 1%
milkfatmilk), skim, and skim/low fat (which includes skim
and 1%milkfat milk). Flavored milk, lactose-free milk, and
milkshakes are not included.

The most commonly studied milk type is soy (included
in all five studies), followed by almond and the aggregated
dairy category. All studies report both the compensated
and uncompensated elasticities, which provide an estimate
of the pure substitution effect (compensated) and both
the price substitution effect and the income effect together
(uncompensated) [17, p. 82]. Our synthesis focuses on
the uncompensated elasticities as they provide a more com-
plicated but potentially more realistic look at consumer
behavior under a price change because they account for
the impact that a price change has on a consumer’s overall
budget. The interested reader can find the compensated
elasticity results in the data set.3

Synthesis Uncompensated cross-price and own-price elas-
ticities for plant-based milk demand are shown in Figure
2, while elasticities for dairy milk demand are given in Fig-
ure 3. Estimates of the same product pairs are grouped
together in individual plots, and these plots are arranged
in columns by product demanded and in rows by price-
change product. For example, the first column of Figure
2 shows estimates of the change in soy milk demand as-
sociated with changes in prices of soy, almond, coconut,
other nondairy, dairy, whole, reduced/low fat, skim dairy,
and skim/low fat milk. Contributing studies of each esti-
mate are listed on the right of the figure. Solid points indi-
3 The compensated elasticities extracted from these studies are gener-
ally smaller in magnitude (closer to zero) than the uncompensated
elasticities, which reflects the result from economic theory of normal
goods that the substitution effect alone should be smaller than the
substitution and income effects combined [17, p. 83].

cate statistical significance. Note that positive cross-price
elasticities indicate substitute goods; negative cross-price
elasticities indicate complementary goods, or goods pur-
chased together; and zero cross-price elasticities indicate
no relationship.4

Figures 2 and 3 show that all estimates of own-price elas-
ticities are negative, as expected from the economic theory
of normal goods like milk. We observe that estimates of
more narrowly defined product types generally have larger
own-price elasticity magnitudes. This pattern also aligns
with economic theory, which suggests that product cate-
gories definedwith lower levels of aggregation (for example,
“whole milk” as opposed to “dairy”) will have more close
substitutes to switch to in the event of a price change.
On the other hand, few strong patterns emerge when

examining cross-price elasticities. For example, the first col-
umn of Figure 2 suggests that soy milk demand increases
when the price of lower fat dairy milks rises but decreases
when the prices of higher fat dairy milks rise. Almondmilk
is a weak substitute for most of the different aggregation
levels of dairy milk when prices of these products increase,
except reduced/low fat milk for which it is a complement.
Notably, the dairy milk elasticities shown in Figure 3 sug-
gest that changes to plant-based milk prices have very little
effect on demand for disaggregated dairy milk products.
The mean elasticities and counts of negative and posi-

tive results shown inTable 1 provide a very broad summary
of results across studies. We confirm that the average of
own-price elasticities are negative as expected, and the aver-
ages follow the expected descriptive behavior of own-price
elasticities (e.g., broader categories like “dairy” have smaller
elasticities than narrow categories like “coconut.”). Soy
milk has the most estimates and the most mixed results.
On average, demand for soymilk decreases when the prices
of alternate goods increasewith the exception of the “dairy”
type and lower fat dairymilks. However, the counts of neg-
ative and positive results support the trend observed in the
first column of Figure 2: that the elasticity estimates with
respect to changes in dairy milk prices vary widely but the
balance of the estimates leans slightly toward complemen-
tarity.
4 The two different cross-price elasticities for pairs of products are
not necessarily symmetric, especially in the case of uncompensated
elasticities, which account for both the income and substitution
effects. Theory suggests that compensated elasticities, those that
only account for the substitution effect of a relative price change in
the two products, is more likely to be symmetric, but our synthesis
data shows that estimated results do not strictly follow this symmetry.
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Figure 2 Uncompensated elasticity estimates for plant-based milk demand
Compensated elasticity estimates and elasticity estimates for product types not included in this synthesis are located
in the final data file data/final/synthesis-crossprice-elasticities.csv in the repository https://osf.io/E95DP/. Panels
with shaded backgrounds contain estimates of own-price elasticities. For cross-price elasticities, positive estimates
indicate substitute goods, negative indicate complementary goods, and zero estimates indicate no relationship.
Significance is determined by a level of 𝑝 ≤ 0.05.
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Figure 3 Uncompensated elasticity estimates for dairy milk demand
Compensated elasticity estimates and elasticity estimates for product types not included in this synthesis are located
in the final data file data/final/synthesis-crossprice-elasticities.csv in the repository https://osf.io/E95DP/. Panels
with shaded backgrounds contain estimates of own-price elasticities. For cross-price elasticities, positive estimates
indicate substitute goods, negative indicate complementary goods, and zero estimates indicate no relationship.
Significance is determined by a level of 𝑝 ≤ 0.05.
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Table 1 Mean and negative/positive counts of uncompensated elasticities estimates

demand for other reduced/ skim skim/
price of almond coconut dairy nondairy low fat dairy low fat soy whole
mean of almond results -2.14 -1.24 0.30 -0.40 -0.02 0.11 -0.80 0.02
number of (-,+) results (3,0) (1,0) (1,1) (1,0) (1,0) (0,1) (2,1) (0,1)
coconut -0.34 -2.66 0.83 -0.20

(1,0) (1,0) (0,1) (1,0)
dairy 0.52 0.14 -0.98 0.66

(0,2) (0,1) (3,0) (1,2)
other nondairy -0.14 -1.63 0.02 0.04 -0.07 -0.03

(1,0) (1,0) (0,1) (0,1) (1,0) (1,0)
reduced/low fat -0.54 1.70 -1.67 0.86 -0.91 0.93

(1,0) (0,1) (1,0) (0,1) (1,0) (0,1)
skim dairy 0.69 0.61 0.22 -1.30 1.18 -0.39

(0,1) (0,1) (0,1) (1,0) (0,1) (1,0)
skim/low fat -1.73 0.99 1.84

(1,0) (0,1) (0,1)
soy -0.82 -0.99 0.18 -0.11 -0.02 0.09 0.01 -2.03 -0.02

(2,1) (1,0) (0,3) (1,0) (1,0) (0,1) (0,1) (5,0) (2,0)
whole 0.16 -1.41 0.47 -0.95 0.66 -0.58 -1.92

(0,1) (1,0) (0,1) (1,0) (0,1) (2,0) (2,0)

Heterogeneity in results Previous syntheses of elastic-
ities have found that the differences in empirical setting
and modeling decisions may contribute to the differences
in estimates of milk elasticities, and when few results are
available, caution should be exercised in forming conclu-
sions about the influence of research design on results [18,
p. 220]. Our discussion focuses on high-level observations
about the studies in our sample.

Three of the included studies [3; 5; 15] use a censored re-
gression procedure to estimate quantity demand functions,
while the other two papers [2; 6] employ variations on the
almost ideal demand system (AIDS) model to estimate ex-
penditure functions. These procedures have important
differences: while censored regression provides indepen-
dent elasticity estimates for each pair of milks, the expen-
diture functions in the AIDS model estimate elasticities
while accounting for correlation between the error terms
in each equation. That is, AIDS models account for the
unobserved impact that one product might have on an-
other product. As such, the AIDS-estimated elasticities are
generally closer to zero than those estimated with censored
regression.
Censored regressions are commonly used with house-

hold choice data like theNielsenHomeScan data, and thus

data source is correlated with choice of estimation model
in our synthesis. Data source influences sample size: house-
hold choice data sets generally have larger sample sizes than
the city- or state-level data sets commonly used to estimate
AIDS estimation models. Larger samples reduce standard
errors and sampling variance. However, we do not observe
any systematic differences in statistical significance between
studies using different data sources or estimation methods.
All studies report statistical significance for the majority of
their results. In rare cases, a very small sample could bias
the magnitude of the estimates; however, none of the in-
cluded studies have such small samples (the smallest, Dhar
et al. [2], uses weekly observations of 12 cities over 260
weeks). We find no qualitative evidence that data source
plays a role in the differences between study estimates other
than through its correlation with estimation model.
The collection date of the data does not create any dis-

cernible patterns in product pairs with multiple results.
For example, the elasticity of soy with respect to dairy price
changes is positive (indicating substituting toward soy)
before 2012 [3; 15] but slightly negative in 2014 [5]. Al-
ternately, earlier estimated dairy elasticities with respect to
changes in almond milk price are negative, while later esti-
mates are near zero. Overall, no strong temporal trends are
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observed. Due to the inconsistent definition of products
across studies, the dairy elasticity estimates from earlier
studies are not comparable to estimates from later studies
and we are unable to test our hypothesis of increasing dairy
demand elasticities over time. Similarly, we are unable to
confirm our dairy demand estimation results because none
of the studies in the synthesis analyze data after 2017 and
none estimate results for whole and 2%milk combined.

3.3. Conclusions
Our synthesis results are fairly uncertain, due to the very
small number of estimates for each product type’s own-
and cross-price elasticities as well as inconsistencies in re-
porting of standard errors across studies. Future research
on plant-based milk demand should report standard errors
to allow for quantitative meta-analysis methods. Addition-
ally, observational studies generally suffer from residual
risk of bias due to unobserved variables that affect both ex-
planatory and outcome variables. In this context, we may
be concerned about quality characteristics such as ethical
reputation. The authors of each study in our sample take
care to reduce the estimation bias that emerges from their
specific empirical setting, butmeasures of quality are rarely
available.5 This potential residual risk of bias combined
with the small number of estimates leads us to rate the cer-
tainty of each result as moderate and the certainty of our
overall conclusions, discussed below, to be moderate-low.

Broadly, our synthesis leads us to conclude that demand
for dairy milk is fairly unresponsive to changes in plant-
based prices, although individual dairy milk products seem
to respond to changes in prices of other dairy products.
For example, price increases of middle fat content dairy
milks like 1% and 2% milks seem to increase demand for
both whole and skim milks, implying substitutes, while
increases in price of whole and skim milks seem to de-
crease demand for the other respective product, indicating
complements. This conclusion supports the findings of
Andreyeva et al. [18]. On the other hand, demand for
most plant-based milks exhibit some kind of response to
5 We may be concerned that the unobserved ethical reputation of a
brand or product might bias the demand estimates by influencing
both demand as well as price. Consumer preferences for ethical
characteristics influence the observed quantity purchased, but their
influence only enters the statistical demand estimation through the
error term. These preferences may also affect prices, one of the main
explanatory variables in the estimation model, because suppliers rec-
ognize that they can increase the price of goods with strong ethical
reputations.

increases in dairy milk prices, although the overall response
is mixed across both sign and magnitude. Purchases of
plant-based milks increase when the price of skim milk in-
creases, while price increases of higher fat dairy milks are
associatedwith a slight fall in demand for plant-basedmilks.
The point estimates of these elasticities vary in magnitude
more than those of dairy milks with respect to plant-based
price changes, but the variation does not appear to be con-
nected to any study characteristic in particular.

Overall, we find evidence to suggest a price relationship
between different dairy milk types, confirming some of
Ghazaryan’s [6, p. 46] conclusions. However, our synthe-
sis of estimates conflict with the author’s other conclusion
that plant-based milk consumers switch to dairy in light
of a plant-based price change. We do not find strong ev-
idence on average of an association between plant-based
milk prices and demand for dairy milk, and the response of
plant-based demand with respect to dairy prices is mixed.
We discuss the implications of these conclusions alongside
the results of our other analyses in Section 5 below.

4. DAIRY ELASTICITY ESTIMATION
Our final analysis looks for evidence of an increase in the
own-price elasticity of plain dairy milk demand over time.
Theory leads us to hypothesize that, if plant-based milks
are substitutes for dairy milks, demand for dairy milk will
become more responsive to changes in its own price as the
number and availability of plant-based products increase
over time.

4.1. Methodology
To test whether own-price elasticity of plain dairy milk
has changed over time, we recover and compare price elas-
ticities estimated for separate time blocks using monthly
data from 2001-2019. We use an almost ideal demand sys-
tem (AIDS) model, which has desirable theoretical and
statistical properties that make it a common choice in the
extensive body of research on dairy milk demand [19].

Model Our analysis estimates the parameters in a systemof
three demand equations: demand for plain dairy milk, for
other nonalcoholic beverages, and for all other foods and
beverages excluding products in the former two categories.
We initially defined plain dairy milk to include unflavored
whole, 2%, 1%, and skim dairy milks; however, due to a
lack of retail price data (discussed immediately below), our
final plain dairy milk category includes only whole and 2%
milk. The other nonalcoholic beverages category includes
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bottledwater, juice, and other beverages except plant-based
milks.6 The demand estimation procedure estimates the
expenditure function of product 𝑖 in month 𝑡, given in
simplified form as

𝑤𝑖𝑡 = 𝛼𝑖 +∑
𝑗
𝛾𝑖𝑗 ln𝑝𝑗𝑡 + 𝛽𝑖 ln (

𝑥𝑡
𝑃𝑡
) + 𝑢𝑖𝑡 (1)

where

• 𝑤𝑖𝑡 is expenditure share of product 𝑖 in month 𝑡,
• 𝑝𝑗𝑡 is the price of each product 𝑗 in month 𝑡,
• 𝑥𝑡 is total expenditure in month 𝑡,
• 𝑃𝑡 is a constructed price index
such that ln𝑃𝑡 = ∑𝑖 𝑤𝑖𝑡−1 ln𝑝𝑖𝑡,

• 𝑢𝑖𝑡 is the product-time specific error term, and
• 𝛼𝑖, 𝛾𝑖𝑗, 𝛽𝑖 are model parameters.

We initially preregistered [11, p. 5] a plan to control for
overall income and time trends in the demandmodel to fur-
ther improve comparability across time periods. However,
when we include these variables using a scaling function
procedure following Gould et al. [20], diagnostics indi-
cate that the estimation results are heavily biased and the
estimated model does not satisfy the properties required
for theoretically consistent demand function.7 The AIDS
model includes expenditure shares and total expenditures,
so it accounts for an important part of the variation in con-
sumption across different household incomes. While there
may be remaining variation in our results due to different
levels of disposable income and other factors captured by
a time trend, we suspect that correcting the error may not
substantially change the results discussed in Section 4.2,
given that the baseline model accounts for a large amount
of potential bias. Even if a model including overall income
and time trends did support our hypothesis that dairy de-
mand has become more elastic over time, the results in
6 Given our interest in the relationship between plant-based and dairy
milks, ideallywewould include a separate demand equation for plant-
based milks so that we could provide our own estimates of cross-
price elasticities to incorporate into our conclusions in Section 3.2.
However, we were not able to obtain data on monthly sales and
prices of plant-based milks similar in scope to our dairy milk data.
In our demand estimation, expenditures on plant-based milks are
accounted for in the other food and beverages category.

7 Specifically, the expenditure functions fail to satisfy the condition
that they are monotonically increasing in prices in the 2015-2019
period, and residual plots indicate a strong systematic pattern that
does not appear in the residual plots of the baseline model.

Sections 2.2 and 3.2 lead us to suspect that increased avail-
ability of plant-basedmilksmay explain only a small part of
that change. Therefore we conclude that the information
benefit from debugging the procedure to include trends is
outweighed by the estimated time cost of diagnosing the
cause of the error and correcting it, and we proceed with
the baseline AIDS model without trend variables as our
preferred specification.

Historically, the AIDS model equations were derived to
simplify the translog demandmodel, which is complicated
to estimate and suffers from biased estimates when prod-
uct prices are collinear (that is, when a linear relationship
exists between the prices). The linear approximationAIDS
(LA-AIDS) model replaces the nonlinear translog price in-
dex with a linear one and provides precise linearization of
the underlying model when the prices of the categories are
moderately collinear [21]. We check for price collinearity
by examining variance inflation factors (VIF) of each ex-
planatory variable, where a VIF value of 1means that there
is no correlation between the variable in question and the
other explanatory variables. Since theVIFs of the price vari-
ables are higher than our preregistered threshold of 1.5 [11,
p. 5], we proceed with the linear approximation.8 We im-
plement the LA-AIDS model and the seemingly unrelated
regression method for estimating parameters for systems
of equations using the micEconAids package [23; 24; 25]
for the statistical programming language R [26].

Analysis strategy To understand changes in elasticities
over time, we estimate and compare elasticities across sep-
arate time blocks of similar length chosen to: (1) exclude
major US recessions, (2) exclude the 2007–2008 global
food crises, and (3) place several years between blocks to en-
sure a substantial difference in the number and availability
of plant-basedmilk products in each block. Ourmain anal-
ysis compares elasticities from January 2002–December
2006 against elasticities from January 2015–December
2019. We calculate both the compensated and uncompen-
8 The particular VIF threshold value of 1.5 is somewhat arbitrary.
There are many rough and sometimes conflicting guidelines as to
what constitutes “high” levels of collinearity that are applied when
using VIF for diagnostics; in reality, the other factors in the research
design should be examined alongside VIF for guidance [22]. In our
context, the LA-AIDS model is constructed to handle collinearity
that the fully nonlinear AIDS cannot, so we only need to determine
whether some collinearity exists in the data.
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sated elasticities9 from the estimated demand parameters
using the aidsElast function for the LA-AIDS model.
We compare the differences in calculated elasticities using a
Student’s 𝑡-test (with a preregistered significance threshold
of 𝛼 = 0.10 [11, p. 5]) on the null hypothesis that the esti-
mates are the same in the two time blocks [7]. We conduct
robustness checks of our results with two additional analy-
ses using different choices of time blocks: one following the
US Federal Reserve’s definition of recessions to control for
the impact of recessions on our estimates (comparing Oc-
tober 2001–February 2007 against July 2009–December
2019), and one with similar price trends to account for the
potential impact of consumer expectations of prices on
elasticity estimates (comparing January 2002–December
2006 against January 2012–December 2016).10

Prices The monthly price indices for the other nonalco-
holic beverages category and the total food and beverage
category are collected from the BLS Consumer Price In-
dex (CPI) Urban Consumers database [27]. Following
Gould et al. [20], the total food and beverage price index
serves as the price index for the “other foods and beverages
category.”

To the best of our knowledge, there are no publicly avail-
able monthly data between 2001–2019 that report the
average retail price over all plain dairy milk varieties and
only dairy milk products. The USDA’s Agricultural Mar-
keting Service (AMS) produces the monthlyRetail Milk
Prices report that covers only whole and 2%milk varieties
starting in 2001 [28], and there is a CPI series covering
all fluid milk prices between 1946–2020 [29], which has
9 Uncompensated elasticities consider the price and income effects of
a price change on consumer behavior, but compensated elasticities
provide a clearer picture of the pure price substitution effect. Both
are important for policy considerations, although uncompensated
elasticities provide a more realistic circumstance. The preregistration
of this project contained a typo [11, p. 5], stating incorrectly that
we would calculate the “unconditional” and “conditional” elastici-
ties for the demand equations, rather than “uncompensated” and
“compensated” elasticities, respectively.

10 Elasticities are constructed to measure the change in demand associ-
ated with a change in observed prices. However, this calculation does
not capture the demand changes that might occur due consumer
perception of these observed price changes. For example, a sharp
change in pricemight lead consumers to believe that the price change
is temporary; however, if prices remain high for a longer period of
time, consumers may adjust by switching to lower-priced substitutes.
Choosing time blocks with similar trends may alleviate differences
in consumer expectations of future prices between the separate time
blocks.

been confirmed by personal communication with BLS re-
searchers to include plant-based beverage milks alongside
their dairy counterparts. To accommodate this data defi-
ciency, we planned to predict average retail prices forwhole,
2%, 1%, and skim plain dairy milk between 2001–2019 us-
ingwholesale “all-milk” prices11 between 2001–2019 from
the National Agricultural Statistics Service’s (NASS) Agri-
cultural Prices report [30] and retail price data between
1996–1998 fromMittal et al. [31], and then confirm the
accuracy of the prediction using diagnostic tests. How-
ever, the results of the tests fail to meet the preregistered
criteria for accuracy [11, p. 6], so we choose to follow our
contingency plan to estimate the overall demand system
with “plain dairymilk” defined as only whole and 2%milks
in order to use the AMS retail price data [28]. We discuss
the prediction and diagnostic process in more detail below.
Our ex-post prediction method begins with collecting

the retail price data for whole, 2%, 1%, and skimmilk prod-
ucts published in Appendix V of Mittal et al. [31]. These
data cover the 26-month period starting in January 1996,
and they were collected byMittal et al. fromNielsen and
various US state milk marketing agencies. We conduct
preliminary diagnostic tests to determine the time series
properties of these data. The results of the diagnostic tests
show that the Mittal et al. price data are autocorrelated
and level but not trend stationary: we fail to reject the null
hypothesis of the ADF test (𝑝 = 0.5431), we fail to reject
the null of the KPSS test for level stationarity (𝑝 ≥ 0.1),
we reject the null of the KPSS test for trend stationary
(𝑝 = 0.05379), and we reject the null of no autocorrela-
tion for the Ljung-Box tests, indicating the presence of up
to four lags (all 𝑝 ≤ 1.058 × 10−5).12
These diagnostics indicated that an ARIMAmodel is

more appropriate than an ordinary least squares model to
predict prices from these data. We apply the auto.arima
routine in R, which chooses the most appropriate ARIMA
model by estimating several different specifications and
reporting the results for the most appropriate model ac-
cording to repeated KPSS tests (to determine the number
of lag differences) and the lowest Akaike information crite-
rion (AICc) value of iterated fitted models (to determine
the autoregressive and moving average order). The routine
identifies a model with a first-order difference and no mov-

11 “All-milk” price is the gross price (before deductions related to trans-
portation, marketing, and fees) received by dairy milk producers for
fluid milk with a standard fat content.

12 All tests used a significance level of 𝑝 ≤ 0.10.
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ing average or autoregressive terms as the model with the
lowest AICc value. We include all-milk price as a covari-
ate in the auto.arima routine. Using the results of the
estimated ARIMAmodel, we then predict the values of
average retail plain milk prices between 2001-2019 from
all-milk price data between 2001-2019 using the forecast
function in the auto.arima package.

We test the accuracy of the prediction by conducting the
entire model selection, estimation, and prediction proce-
dure for a subset of plain dairy milk products where actual
price data are available. We predict the retail price of whole
and 2% dairy milk and compare those predictions with the
observed retail price data from the AMS [28]. We measure
the difference between our model’s fitted values and actual
2001-2019 data and determine the prediction was not a
sufficiently accurate prediction of retail prices. Both the
mean absolute error (MAE = $0.841 ≥ $0.30) and the
mean absolute scaled error (MASE = 24.181 ≥ 1) signifi-
cantly exceeded our preregistered accuracy thresholds [11,
p. 6].13 Following the contingency plan specified in the
preregistration, we proceed with estimating the overall de-
mand system using only whole and 2%milks in the plain
dairy milk category, allowing 1% and skim milk to fall into
the other food and beverages category; thus, the Mittal et
al. price data are not used in the elasticity analysis. While
this decision limits the scope of our analysis and narrows
the research question that we can answer, this subset of
products still accounts for a significant portion of the mar-
ket, at around 75% of volume sales of the plain dairy milk
category [32].

Expenditure shares Along with overall income data, ex-
penditure data for the other nonalcoholic beverage cate-
gory and total food and beverages are collected from the
Bureau of Labor Statistics’ (BLS) Consumer Expenditure
(CE) survey public-use micro-data files on monthly expen-
diture between 2001 and 2019 [33]. Data are reported
for individual households, and we take the average over
each month’s reported income and expenditures for each
category.

Average household expenditures for the plain dairy milk
category are constructed as the product of average retail

13 We choose the threshold MAE ≤ $0.30 to allow for roughly 10%
error, according to the range of observed average prices for whole and
2% milk products. MASE is constructed as a unit-free measure of
error such that MASE ≥ 1 indicates that a random walk prediction
would be better than the predicting model in question. We calculate
MAE andMASE using the Metrics package in R.

prices (for the whole and 2% subset) and total quantity
sales, divided by the number of households in the US re-
ported by the US Census Bureau [34]. Monthly total
quantity sales of dairy milk are reported by the AMS and
include sales of consumer-packaged dairy milk products
to consumer-facing outlets like retail stores, schools, and
other institutions that sell packaged products directly [32].
The data account for all dairy milk products separately,
so we aggregate the quantity sales of whole and 2% dairy
milk into total plain dairy milk quantity sales. The units of
these quantity figures are millions of pounds of packaged
milk products, whichwe convert to gallons using the factor
1 gallon = 8.62 pounds, following the USDA Economic
Research Service’s guidelines for agricultural commodity
unit conversion [35].

Total food and beverage expenditures are used to calcu-
late expenditure shares for each demand category as well
as to estimate the expenditures for the all other food and
beverages category. We calculated the all other food and
beverages category by subtracting the expenditures of plain
dairy milk and other nonalcoholic beverages from total
food and beverage expenditures [20]. Expenditure shares
are calculated as expenditures in that category divided by
total food and beverage expenditures.
The final data set used for demand elasticity analysis is

available in comma separated value format or R data format
in thefilesdata/final/dairy-elast-analysis-data.csv
anddata/final/dairy-elast-analysis-data.R in the
OSF repository. All input files used in the construction of
this data set are located in the directory data/raw. Table
2 presents summary statistics for the main variables in the
estimation model.

Endogeneity Endogeneity, or bias introduced when es-
timating models in which explanatory and outcome vari-
ables are determined simultaneously, can affect the esti-
mates of demand functions that include price. This issue
can be solved using instrumental variable (IV) methods
in conjunction with the main estimation procedure. We
check for endogeneity using the ivreg package and rou-
tine: we estimate individual expenditure functions, then
perform the Hausman test for endogeneity, and finally cal-
culate an 𝐹-statistic to test for joint significance of the price
instruments. The results of the Hausman test (𝑝 = 0.10)
indicate that we can not reject the null that dairy price
is uncorrelated with the error term, so we conclude that
prices are not subject to endogeneity bias in this setting.
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Table 2 Summary statistics

statistic mean st. dev. median min max n
dairy expenditure share 0.01 0.002 0.01 0.01 0.01 227
dairy quantity (gallon) 0.95 0.15 0.97 0.58 1.29 227
dairy price ($ per gallon) 3.33 0.29 3.29 2.74 3.88 227
all foodbev expenditure 357.61 22.26 358.62 306.86 399.88 227
other foodbev expenditure share 0.96 0.005 0.96 0.95 0.97 227
all foodbev price index ($ per unit) 2.19 0.28 2.20 1.71 2.59 227
nonalcoholic expenditure share 0.03 0.005 0.03 0.02 0.04 227
nonalcoholic price index ($ per unit) 1.58 0.12 1.63 1.38 1.72 227
income ($) 5, 346.82 745.47 5, 372.41 3, 643.33 6, 939.57 227

This table shows the summary statistics of the main variables in the dairy demand estimation model. Income and expenditure variables as per
household. Units of each variable are shown in the parentheses.

Therefore, we proceed with the baseline LA-AIDS model,
without using IVs.14

We avoid inducing endogeneity by employing the lagged
Stone price index. This index corrects for the standard
Stone price index commonly used in the LA-AIDS model,
which has been shown to induce bias since contemporane-
ous expenditure shares appear simultaneously in both sides
of the estimation equation [23]. The lagged Stone price
index uses previous period expenditures in its construction
and therefore bypasses this issue.

4.2. Results
We discuss the results of our preferred demand specifica-
tion, which, to recap Section 4.1, estimates demand for
whole and 2% dairy milk using the LA-AIDS model with
the lagged Stone price index for the estimation periods
January 2002 to December 2006 and January 2015 to De-
cember 2019. This specification includes prices, but not
income or time trends, as explanatory variables. We choose
this as our preferred specification after examining the pre-
estimation diagnostics discussed in Section 4.1 and post-
estimation diagnostics and checks for consistency with
economic theory, discussed below.
Figure 4 illustrates some unusual patterns in the dairy

data that foreshadow the unexpected results of our esti-
mation. Dairy milk sales show a steady decrease over the
sample period. On the other hand, dairy prices are highly

14 Before testing for endogeneity, we determined that lagged prices are
strong instruments for contemporaneous prices, as indicated by the
𝐹-test (𝑝 < 2 × 10−16) for joint significance. However, we do not use
these instruments in the final estimation procedure.

variable, although in the later of our two estimation peri-
ods they follow a somewhat stable decreasing trend. These
two trends align with the observations of Stewart et al. [1].
These trends may be the basis for the counterintuitive elas-
ticity results we discuss below, since during this later period
prices decrease alongside consumption. Further, the plot
of dairy expenditure share suggests that it may be more
heavily influenced by price during the later period than
during the earlier period, which may contribute to the sta-
tistically significant and sizable positive elasticity of dairy
demand that we find.

Demand model Table 3 reports the estimated LA-AIDS
model, with the parameters of expenditure equation 1 for
each of the three products and two estimation periods in
the table columns. While the dairy expenditure equation
in the early period (column 1) contains more statistically
significant point estimates than all other expenditure equa-
tions, the overall fit of this equation is worse than that of
the later period (column 4), as indicated by the 𝑅2 values.
The 𝑅2 values also indicate that the model fits the later
period data better than the early period. Examination of
residual plots supports this conclusion, as we discuss more
below. The 𝑅2 of the expenditure functions for nonal-
coholic beverages (columns 2 and 5) and other food and
beverages (columns 3 and 6) suggest that the estimation
model explains less of the variance for these products than
for dairy milk products.

The results of the robustness check specifications (avail-
able in thefilesupplementary/robustness-results.ods)
are generally qualitatively similar to the results of the main
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Figure 4 Dairy quantities, prices, and expenditure shares over the full sample period
The top panel displays gallons of whole and 2% dairy purchased each month per household. The middle panel shows
prices in dollars per gallon. The bottom panel displays expenditure shares, which are the ratio of dairy expenditures
(calculated as retail dairy price times quantity sales) to total food expenditures. The estimation periods January
2002–December 2006 and January 2015–December 2019 are shaded in grey. Supporting data and code are located in
the repository https://osf.io/E95DP/.

Table 3 Parameter estimates

2002–2006 2015–2019
(1) (2) (3) (4) (5) (6)

expenditure on dairy nonalcoholic other food/bev dairy nonalcoholic other food/bev
constant (𝛼𝑖) 0.0618∗∗∗ −0.0959 1.0341 ∗ ∗∗ −0.0073 0.0476 0.9597 ∗ ∗∗

(0.018) (0.072) (0.071) (0.025) (0.145) (0.148)
price index (𝛽𝑖) −0.0101∗∗ 0.0186 −0.0085 0.0009 −0.0109 0.0100

(0.003) (0.013) (0.013) (0.004) (0.029) (0.029)
dairy price (𝛾𝑖1) 0.0084∗∗∗ 0.0126 ∗ ∗ −0.0210 ∗ ∗∗ 0.0159∗∗∗ −0.0121. −0.0038

(0.001) (0.003) (0.004) (0.001) (0.006) (0.005)
nonalcoholic 0.0126∗∗ −0.0515 ∗ ∗ 0.0389∗ −0.0121. −0.1028 ∗ ∗ 0.1150 ∗ ∗∗
price (𝛾𝑖2) (0.003) (0.016) (0.017) (0.006) (0.034) (0.030)
other food/bev −0.0210∗∗∗ 0.0389∗ −0.0179 −0.00385 0.1150∗∗∗ −0.1111 ∗ ∗∗
price (𝛾𝑖3) (0.004) (0.017) (0.019) (0.005) (0.030) (0.028)

𝑅2 0.5942 0.2208 0.1596 0.8469 0.3610 0.1611

Significance levels: 𝑝 < 0.001 ‘***’; 𝑝 < 0.01 ‘**’; 𝑝 < 0.05 ‘*’; 𝑝 < 0.1 ‘.’. This table shows the results of the LA-AIDS model with lagged Stone
price index. Standard errors are shown in parentheses below each estimate.
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model. We cannot unequivocally determine whether the
main model better fits the data: comparing the 𝑅2 of each
equation among the different models, we find that the
main model explains the late period data better than ei-
ther alternative model, but the early period data are best
explained by the robustness check using the Federal Re-
serve’s defined recession periods. Since the time periods for
the main model were chosen to account for unobserved
bias better than arbitrarily chosen periods, we interpret
these mixed results to imply that some residual bias still
impacts the main model in the early period. As discussed
in Section 4.1, we believe the cost of correcting for this
remaining bias is greater than the benefit at this time.
Similar to many demand systems, the AIDS model pa-

rameters do not have intuitive interpretations [23]. We
turn to the elasticity results before discussing the economic
implications of our estimates, since elasticities are construct-
ed specifically to provide a unit-free and straightforward
interpretation of demand models.

Elasticities Table 4 provides the elasticity estimates for
both estimation periods. As with the parameter estimates
fromwhich these elasticities are calculated, we observe that
the statistical significance of the different estimates ismixed.
Our main parameters of interest, the dairy demand elastic-
ities, exhibit unexpected results: the own-price elasticity
estimate from the early period is very small, negative, and
not statistically significant, while the corresponding late pe-
riod elasticity is large, positive, and statistically significant.
We interpret these results very cautiously, as finding unbi-
ased empirical evidence for positive own-price elasticities is
very rare and has only been shown to affect subsistence con-
sumption in communities experiencing extreme poverty
[36].15 However, taking the results at face value, the early
period estimate suggests that there is a 0.013% decrease
in the quantity demanded of dairy milk when the price
increases by 1%. This effect is economically very small and

15 While economic theory does not entirely rule out the possibility of
upward-sloping demand curves, researchers face a number of empir-
ical difficulties in isolating a direct and causal positive relationship
between price and quantity. Jensen andMiller [36] overcome these
difficulties by conducting a randomized controlled trial in which
they provide subsidies on rice purchases to Chinese households. The
authors find evidence of an inverted-U shaped demand function, and
they confirm the basic conditions in which these consumer behav-
ioral patterns are expected to exist. Namely, they confirm that these
behaviors arise when the product in question has very few substitutes
and when the households have limited budgets but are not so poor
that they only purchase staple products.

indicates that the early period demand is highly inelastic.
On the other hand, the later period estimate indicates that
a 1% increase in dairy milk price is associated with a 1.35%
increase in the quantity demanded. Thus, later period
demand is elastic (in a positive direction).
The other own-price elasticities largely align with eco-

nomic theory and are statistically significant. The estimates
are negative, and the more narrowly defined product (non-
alcoholic beverages) is much more elastic than the more
broadly defined product category (all other foods and bev-
erages). On the other hand, the cross-price elasticities be-
tween dairy milk and other nonalcoholic beverages suggest
that these products are substitutes in the early period but
complements in the later period. Althoughwefindour elas-
ticity estimates tenuous, we proceed with the preregistered
hypothesis test [11, p. 6]. We reject the null hypothesis
of no difference between the 2002–2006 uncompensated
dairy demand elasticity of−0.013 and the 2015–2019 elas-
ticity of 1.34 (𝑝 = 0.0002).

Estimation diagnostics We examine different types of
residual plots to provide more insight into the unexpected
dairy demand results. Figure 5 plots fitted and actual dairy
expenditure shares along with the residuals for each point
for an overviewof the goodness-of-fit of the estimation pro-
cedure. Comparing residual plots of separately estimated
time periods against the residual plot from the estimated
full sample model shows slightly smaller residuals for the
full model; this indicates, unsurprisingly, that more data
improves themodel fit and implies thatwemay need longer
time periods or more frequently collected data to be more
confident in our interpretation of results.

Comparing the residual plots over time for each sample
period in Figure 6 suggests unaccounted-for trends, per-
haps income and time trends, may cause the residuals to be
more concentrated in 2015–2019 compared to 2002–2006.
Further, the plots suggest that the 2002–2006 data may
not have constant variance over the period. Ljung-Box tests
and autocorrelation function plots also indicate that the
price and expenditure variables are autocorrelated up to at
least four lags.
Similar to residuals plotted over time, comparing the

residuals against fitted expenditure shares in Figure 7 in-
dicates differences in variance across fitted levels of expen-
diture. In the 2002–2006 plot, the residuals in the mid
range of expenditure share levels are larger compared to the
lower and upper levels. The residuals in the 2015–2019
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Table 4 Elasticity estimates

demand for 2002-2006 2015-2019
dairy nonalcoholic other food/bev dairy nonalcoholic other food/bev

co
m
pe
ns
at
ed

dairy price −0.0137 0.5225 ∗ ∗ −0.0120∗ 1.3506∗∗∗ −0.3961. 0.0028
(0.190) (0.172) (0.004) (0.289) (0.228) (0.005)

nonalcoholic 1.2839∗∗ −3.1761 ∗ ∗∗ 0.0620 ∗ ∗∗ −1.7548. −4.3516∗∗∗ 0.1491 ∗ ∗∗
(0.424) (0.741) (0.018) (1.011) (1.114) (0.031)

other food/bev −1.2701∗ 2.6535 ∗ ∗ −0.0499∗ 0.4042 4.7477∗∗∗ −0.1519 ∗ ∗∗
(0.510) (0.776) (0.020) (0.800) (0.992) (0.029)

un
co
m
pe
ns
at
ed dairy −0.0128 0.5057 ∗ ∗ −0.0212 ∗ ∗∗ 1.3428∗∗∗ −0.4004. −0.0040

(0.191) (0.174) (0.004) (0.287) (0.226) (0.005)
nonalcoholic 1.2861∗∗ −3.2174 ∗ ∗∗ 0.0395∗ −1.7892. −4.3709∗∗∗ 0.1185 ∗ ∗∗

(0.422) (0.737) (0.018) (1.014) (1.112) (0.031)
other food/bev −1.1728. 0.8860 −1.0095 ∗ ∗∗ −0.6895 4.1333 ∗ ∗ −1.1249 ∗ ∗∗

(0.656) (1.094) (0.026) (1.042) (1.452) (0.045)

Significance levels: 𝑝 < 0.001 ‘***’; 𝑝 < 0.01 ‘**’; 𝑝 < 0.05 ‘*’; 𝑝 < 0.1 ‘.’. This table shows elasticities for the LA-AIDS model with lagged Stone
price index. Positive cross-price elasticities indicate substitutes, and negative indicate complements. Standard errors are shown in parentheses
below each estimate.

appear more concentrated at higher levels of expenditure
shares. These plots confirm the presence of remaining bias
but suggest that this bias may not have a large effect on the
estimates.

4.3. Conclusions
Our elasticity estimates for whole and 2% dairy milk re-
flect the unusual patterns observed in the underlying data:
while economic theory suggests that demand for a good
falls when its price rises and therefore own-price elasticities
are always negative, we see the opposite relationship in the
later period of our dairy data. However, the methodology
does not fully isolate the effect of price on consumption.
The observed patterns could be explained by demand for
dairymilk falling for reasons other thanprices (ownor com-
peting product prices). For example, changes to consumer
perception of dairy milk nutritional quality, environmen-
tal impact, and ethical status may cause demand for dairy
milk to fall over time regardless of the price especially as
more members of younger generations begin to make the
purchasing decisions for their households [37].
Omitting these factors may create residual bias in our

dairy elasticity estimation, andmoreworkwouldbeneeded
to include these variables. To include variables of consumer
perception, careful modeling and data sourcing will be
needed, since measuring such factors of demand is notori-

ously difficult in quantitative analysis. We might include
survey data on consumer reasons for purchasing plant-
based milks, should we be able to find such survey data
measured consistently during our estimation periods. In
the case of income and time trends discussed in Section
4.1, we have concluded that the cost of debugging the esti-
mation procedure to include these variables outweighs the
benefit we may gain. Similarly, we may be able to account
for someof the variation in variance thatmayoccur because
of unobserved trends using a statistical correction knownas
robust standard errors. However, since robust standard er-
rors are not included in the MicEconAids package, finding
an alternate computational package ormanually construct-
ing an estimation routine would not be worth the time
cost.

5. DISCUSSION AND CONCLUSIONS
We have investigated the hypothesis that plant-based milks
have contributed to the decline in consumption of dairy
milk by examining changes in the volume of plant-based
and dairy milk consumption over time; checking whether
plant-based milks are price substitutes for dairy milks; and
estimating changes in dairy milk own-price elasticity over
time (which might increase due to the increasing pres-
ence of close substitutes). We find that consumption of
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Figure 5 Fitted and actual dairy expenditure shares over time
Data and residuals from time periods estimated separately (top panel) vs. full sample (bottom panel). Actual values
are indicated with hollow points, fitted values with solid points, residuals by the vertical lines connecting actual and
fitted points. The main estimation periods are shaded in grey. Supporting data and code are located in the repository
https://osf.io/E95DP/.

plant-based milk has increased but not nearly enough to
substitute for the concomitant decline in dairy milk con-
sumption; that dairy milk sales do not respond strongly
to changes in prices of plant-based milk, indicating that
on average the products are not price substitutes; and that
tentative estimates suggest dairy milk elasticities have gone
from very inelastic to positive, implying that dairy milk
demand increases as prices increase. Given these findings,
our conclusion is that recent declines in dairy milk con-
sumption do not appear to be primarily caused by sub-
stitution toward plant-based milk and that any offset in
dairy consumption that does occur because of plant-based
consumption is more likely driven by factors other than
relative prices. Further work would be needed to identify
these other factors of dairy demand.

Our findings are importantly limited by data availability.
Recent data on average unit prices and prices per unit of
fluid volume of plant-basedmilks are unavailable. This lim-
its our comparison of the volume of plant- and dairy-based
milk consumption to 2013–2017. Future work to com-
pile these data, for example by scraping data from national
grocery chain websites and advertisements, would be valu-

able. Our certainty in the results of the cross-price elasticity
synthesis are limited by the few available estimates and the
lack of consistent reporting standards across studies. We
tentatively find that dairy sales on average are not especially
sensitive to changes in price of plant-based milks, although
some estimates suggest plant-based milk sales respond to
changes in dairy prices. Future work may increase the cer-
tainty of these qualitative conclusions as more estimates
of plant-based milk elasticities are published.16 However,
this synthesis would also benefit from quantitative meta-
analysis, which is not currently possible as standard errors
of the cross-price elasticities are not regularly published
and raw data are unavailable to calculate them.
Our initial dairy demand results, while tentative, raise

questions that may be interesting outside of this study’s
overall hypothesis. For example: if not price, what factors
drive consumers to switch to plant-based milks away from
dairy? Can we more confidently estimate how dairy elas-

16 The literature on plant-based milk demand continues to grow. Im-
mediately before publication of the working draft of this study, we
identified two newly published studies estimating demand elasticities
for plant-based milks alongside dairy milks [38; 39].
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Figure 6 Dairy expenditure share residuals vs. time for each time period
Supporting data and code are located in the repository https://osf.io/E95DP/.

Figure 7 Dairy expenditure share residuals vs. fitted expenditures for each time period
Supporting data and code are located in the repository https://osf.io/E95DP/.

ticities have changed over time? What factors of dairy milk
demand can explain the positive elasticities we find here?
Animal advocates might prioritize research to under-

stand substitution patterns with more depth and granu-
larity, although we advise these researchers to consider a
different demand model than the LA-AIDS model. For
example, future work might investigate the central ques-
tion (do consumers substitute plant-based milks for dairy
milks?) directly using a lesser-known substitution elastic-
ity of demand systemmodel [40]. Alternately, a discrete
choice model of demand based on product characteristics
could identify important underlying factors in the substi-
tution decision. Both of these methods rely on the avail-
ability of grocery scanner or household panel data for both
dairy and plant-basedmilks, and therefore may be cost pro-
hibitive. However, especially in the case of the discrete

choice demand system, researchers may be able to answer
multiple important questions. They could provide an up-
dated and comprehensive estimation of plant and dairy
milk cross-price elasticities which could be used in conver-
sations with foodmanufacturers or in future meta-analysis
studies. They could also analyze the dairy demand elas-
ticities in more recent years to confirm or disconfirm our
unusual positive elasticity results.
Advocates may also consider applying the methods of

this study to a broader range of products with plant-based
alternatives. Within dairy, studies of butter and ice cream,
both of which have numerous plant-based alternatives
available, might be especially useful. However, studies of
plant-basedmeats, plant-based egg substitutes or even alter-
natives to non-edible animal products, like leather, would
all be beneficial. By studying a broad range of plant-based
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alternatives to animal products, advocates might develop a
general notion of the impact of plant-based alternatives in
reducing animal product consumption.

While perhaps less useful to advocates, our positive dairy
demand elasticities present an interesting academic puzzle.
Future work to confirm these results might synthesize pre-
vious estimates of dairy milk elasticities to understand how
dairymilk demand elasticities have changed over time. The
literature on dairy milk demand is extensive and may allow
researchers to conduct a meta-analysis that accounts for
time. Should these positive elasticities be confirmed, other
work could investigate whether dairy milk has become a
Giffen good. As the main hypothesized cause of Giffen
consumption behavior is the interaction between the in-
come effect and the substitution effect of a price change,
future work to investigate the differences between uncom-
pensated and compensated dairy elasticities might shed
light on the question. Alternately, Jensen andMiller’s [36]
analysis establishes a specific experimental setting to test
the Giffen good hypothesis. While recreating the authors’
randomized controlled trial may not be feasible, future
work could use quasi-experimental methods to approxi-
mate the experiment and estimate a demand function that
includes a variety of income measures, which may provide
insight into the Giffen behavior of dairy milk consumers.
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