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Figure 2: The Hamilton Method with Homothetic Preferences

Note : The figure illustrates Engel curves for homothetic preferences.

refer to the virtual household at the level of income at which the CPI estimates the cost of
living as the CPI household. Correspondingly, we refer to the virtual household at the level
of income at which P, estimates the cost of living as the Hamilton household.

Therefore the Hamilton method’s “bias”, F;, contains two elements:

1. CPI bias: The CPI differs from the true cost of living index of the CPI household due

to substitution, new goods, quality changes, etc.

2. Non-homotheticity: The CPI household and Hamilton household have different levels

of income, and so experience different changes in their true cost of living.

Previous analyses using the Hamilton method to assess CPI bias have conflated these two
things. The rest of the paper develops and implements a method that does not suffer from

this flaw.
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3 Whose cost of living?

3.1 The CPI household

To disentangle genuine CPI bias from the effect of non-homotheticity, we first need to
determine the locations of the CPI household and the Hamilton household in the income
distribution.

For the CPI there is a well-established method of doing this due to Muellbauer (1976).
The CPI household has expenditure shares which match the expenditure weights in the CPI.
The expenditure weights in the CPI are the aggregate expenditure shares (that is the share
of each good in total household spending). The aggregate expenditure share of good k is in
turn a weighted mean of household expenditure shares for good k, where each household is

weighted by its share of total income:

Th,rt
hyrit* 7
ZX:xhrt » ()

Given this, and the Working-Leser functional form for household-level shares assumed above,

we can write the aggregate share for food at time ¢, as:

f
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Thus the CPI household has income equal to ), hZTﬂ
We compute where the income of the CPI household lies in the household income distri-
bution for each year from 1974 to 1991 using the same PSID data as in Hamilton (2001a).
These calculations are illustrated in Figure 3. Over this period, the aggregate shares used

in the CPI correspond most closely to a household somewhere between the 68th and 77th
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Figure 3: Income Distribution Percentile of the CPI household
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Note : The figure displays the percentile location of the CPI household in the U.S. income distribution for

different years. The CPI household is defined as a virtual household with income 3, ST

percentile of the household income distribution.” The CPI is a plutocratic index and so
measures changes in the cost of living for a fairly afluent household. As noted above, as a
measure of this household’s true cost of living, the CPI may be biased because of substitu-

tion, new goods, quality changes and other biases discussed in the literature.

3.2 The Hamilton Household

Turning to the Hamilton household, we begin with the general definition (in logarithms) of

the true cost of living index for a household h, in region r, at period . We define reference

"Deaton (1998) similarly finds that the U.S. CPI is usually around the 75th percentile of the household
income distribution.
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utility for household h, up g, to be the utility of that household in the base region (r = 0)
and base period (¢ = 0), where it faces the price vector po(= po,0). In logarithms, the true

cost of living index is then given by:®
I COLI} ¢ = InC(up,0, Pr,t) — InC(un,0, Po), (9)

where C (up, 0, Pr.¢) is the money cost of obtaining utility level uy, o at prices pyt = [pit,pﬂ,t].
This measures the resources necessary to maintain base-period utility at the new price vector
Pr.t for this household, and the logarithm of the COLI measures the proportional change in
required resources.

For AIDS preferences,

InC (’U/h,(), pt,r) = Ina (pr,t) + b (pr,t) Uh,0, (10)
lna(pnt) = Qo+ Z (672 lnp];t + Z Z VY, lnpl,f,t lnpivt,
k=fn k=fnl=fn
k
bprs) = [ @507,
k=f,n

where >0, i = land Y5 ¢ Vet = D_p Vel = Dkefn B* = 0. Thus, given
Hamilton’s assumption of AIDS preferences, the true COLI is log-linear in utility, and not
independent of utility (or income) as Hamilton implies.

The food share is:

xr
R e A o) o
k=f,n a(pr,t)

x

=aof + Z Ak lnpf’t + 5/ In (;”) in Hamilton’s notation
k=fn Tt

Note in particular that Ina(py¢) = In P, which is the price index corresponding to the

Hamilton household.

In the base period and region, prices are 1 (and log prices are zero), so that, Ina(pe) = ag

Suh,o is not the only possible choice of reference utility level, but is the natural choice for comparison
with price indices, like the CPI, that use base period quantities as weights. We discuss this further below.
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and b(po) = 1. As cost in period/region 0 must be equal to observed income in period/region

0, inverting gives utility in the base period and region as a function of observed income (xp, )

Upo = Inazpo— ao. (12)

The cost of obtaining base period/region utility facing prices py ¢ is then

InC(prt,uno) = WP +b(prs)(Inzpo— o). (13)

Equation (13) shows that the Hamilton household has income level Inzp o = ag. Py is the
true cost of living index only at this level of income. The value of ag is not identified by
the Hamilton method. A priori, there is no reason to think that ay would also be the log

income level of the CPI household.

3.3 Decomposing the Hamilton Estimate

Solving Equation (13) for In P,; and taking changes gives:

AP, = AInC(prt, uno) — Ab(pPrt) (Inzho — ao), (14)

Also recall from Section 2 that E; is defined by P,.; = P, (CPI, (1 + E;). Taking logs and

changes (recalling that CPIy o = 1 and Ey = 0), and rearranging this expression yields:

Aln Pr,t =In CPI,-,t + 111(1 + Et) (15)

Combining Equations (14) and (15) and rearranging then gives:

In(1+ Ey) = [AlnC(prt,uno) —InCPI. ] — Ab(prt) (Inzpo — ap) . (16)

14



xCPI)

Evaluating this expression at the income level of the CPI household (zp0 = gives a

natural decomposition of the Hamilton correction:

—In(1+E) =ImCPI,;, —AlnP.; = [ln CPI,.;,— Aln C(pr,t,u(acCPI,pm))] (17)

+ [Ab(pm)(lnxcpl — ao)} .

Hamilton’s measure, —In(1 + E}), captures the difference between the CPI (InCPI, ;)
and the price index (Aln P, ), and this measure can be further decomposed into actual CPI
bias, which is given by the first term [ln CPIL.; — AlnC(pys,u(z°F1, Pr,t))]: and the part
due to non-homotheticity, which is given by the second term [Ab(py+)(Inz“F! — ap)].?

This decomposition is illustrated in Figure 4. The four panels illustrate four possible
cases. In each panel, the logarithm of base period nominal income is on the horizontal axis
and the CPI, changes in P, and changes in the true cost of living (all in logarithms) are
measured on the vertical axis. The change in the logarithm of the true cost of living from
period/region 0 to period/region ¢, (AlnC) is given by the diagonal line. It varies with

the household’s income in the base period. The slope of this diagonal line is:

B’ B’ B’ gf
Ab(pys) = PZ,t B ﬁ _ pf,o (1+ H{,t) 1 (18)
" Py Iz P (1+117)

Food is a necessity, so By < 0. Thus, if the relative price of food is lower in region/period

r,t than in region/period 0, then Ab(py¢) > 0 and the diagonal line slopes up (as in panels
(a) and (b)). If the relative price of food is higher in period/region r, ¢ than in period /region 0
then Ab(prt) < 0 and the diagonal line slopes down (as in panel (c)). Whatever the slope,
the diagonal line for AlnC always passes through the intersection of the vertical line at
Inxzpo = ap and the horizontal line at Aln P,.;. This is because the Hamilton method
estimates the change in the cost of living at Inzy, o = ag.

The decomposition above can be seen at the vertical line at Inzj, o = Inz“F!. The dif-

ference between AlnC and A ln P is the part due to non-homotheticity (Ab(pyt)(In 277 —

9Note that Hamilton’s assumption that E varies only with time can only be approximately correct as
the two components of E vary with both time and region.
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ap)). In panel (a), this is positive, but less than Aln P, —In CPI,;. The remaining gap
between AlnC and In CPI is then CPI bias (the extent to which the CPI mismeasures
the true cost of living increase for the CPI household), and this is also positive. In Panel
(b), the difference between AInC and Aln P (due to non-homotheticity) is positive and
exceeds Aln P.; — InCPI,;. This implies that the actual CPI bias must be negative, as
indicated in the figure. In Panel (c), the difference between AlnC and Aln P (due to
non-homotheticity) is negative, so that actual CPI bias is greater than Aln P, ; —In CPI, ;.
Note that this does not depend only on the slope, as can be seen by comparing Panel (c)
and Panel (d). Panel (d) shows an expenditure AlnC function the same slope as in Panel
(c) but with ag above Inz“FZ. In this case the difference between AlnC and Aln P (non-
homotheticity) is positive but less than Aln P,; —InCPI,,, so that CPI bias is positive
but less than what the Hamilton Method would estimate. Of course, with the same slope, if

CPI would

o were sufficiently large (far to the right) the effect of non-homotheticity at Inx
exceed Aln P, —InCPI,;, and CPI bias would be negative.

To quantify true CPI bias we need to empirically implement this decomposition of
AlnP,; —InCPI,, = In(1 + E;) into the part due to non-homotheticity and true CPI

bias. This means calculating

o\ [rarm)\”
A 1 CPI _ — 7,0 r,t -1 1 CPI _ 1
b(pr,t)( nr Oéo) (p;’}’o (1 + H:})t) ( nr OéO), ( 9)

where 3/ is the slope of the Engel curve and easily estimated. The calculation of In ¢!

was discussed above. Thus for a given region, r, expression (19) contains two unobservable

f f
quantities: ag and the base period price ratio if{". Note that in the base region ;’;“’ =1.
r,0 ,0

But the choice of base period is an arbitrary normalization of prices. We can re-normalize
prices so that, essentially, each region is the base region in turn. This requires an adjustment
to ag (because «p is the logarithm of the cost of base utility when prices are 1), but this
is straight forward.!® This means that if oy could be identified, then the decomposition of

AlnP,; —InCPI,; = In(1 + E;) into the part due non-homotheticity and true CPI bias

10 Appendix A describes the calculations.
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Figure 4: Four possible cases
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Note : The figure displays four possible cases. In each panel, the logarithm of base period nominal
income is on the horizontal axis and the CPI, changes in P, and changes in the true cost of living (all in
logarithms) are measured on the vertical axis. The change in the logarithm of the true cost of living from
period/region t,r to period/region 0 (0,0) is given by the diagonal line. In panels (a) and (b) the relative
price of food is lower in region/period ¢, than in region/period 0 and the diagonal line slopes up. In
panel (a) the Hamilton method reports a positive CPI bias and the slope of the diagonal line is such that
the Hamilton method overestimates the CPI bias (the TEC bias is lower than what the Hamilton method
reports). In panel (b) the Hamilton method also reports a positive bias and the slope is such that the
TEC bias is negative. In panel (c) and (d) the relative price of food is higher in region/period ¢,r than in
region/period 0 and the diagonal line slopes down. The Hamilton method reports a negative CPI bias, in
panel (c) the Hamilton method underestimates the negative bias in CPI whereas in panel (d) the Hamilton

method overestimates the negative CPI bias.
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could be quantified. We take up identification of g in the next section, but first consider

the implications of non-homotheticity for volume measures based on Engel curve shifts.

3.4 Volume measures

While assessing bias in the CPI is important in its own right, the underlying motivation in

this literature, going back to Nakamura (1995), is to construct volume measures (deflated

¢

income or deflated expenditure, for example). A price index ¥, , satisfies “weak factor

reversal” if there exists an associated quantity index, @, , such that the nominal uplift in

Tyt
Zo

income, , is the product of those price index and quantity indices:

T,
ot - qu,th,b (20)
To
Rearranging gives:
Lyt
— = rty 21
v, ToQrt (21)

where either side of this expression is deflated income, measured in the monetary units of
period 0.
From Equation (9) we have taken the correct price index to be the Koniis cost of living

index with reference utility level ug.

C 19
v,, = (p Jt UO)

7 C(po,uo) (22)

The quantity index which is complimentary to this Koniis price index (in the sense of

satisfying Equation (20)) is the Allen quantity index with reference price vector p,. ;:

C(pr,t7 Unt)

C(pr,tv uO) ' (23)

Qi =

In our calculations below we use the left-hand side of Equation (21) to calculate deflated
income, just as deflated income is often calculated by dividing nominal income by the CPI,

but the Allen quantity index with reference price vector p,; (multiplied by x¢) is numerically
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identical.
In logarithms, deflated income is then Inz; — AlnC(py ¢, up,0,-). Using Equation (13)

we have:
Inzp ;s — AlnC(pre,unor) =z, — APy — Ab(prt)(Inzp 0 — o). (24)
Then Equation (3) gives:

Inzp ;i — AnC(pri, unor) =z — {InCPI., +In(1+ E)} — Ab(pr,)(Inxp,0 — ap).
(25)

Recall that %—‘ff = In(1+ E}). Substituting this and Equation (18) and grouping terms gives:

)
Inzp e — AlnC(pri,unoyr) = {Inxp, —InCPI. 4} + {5?} (26)
/Bf
rlo (1 + H@)ﬁf a )
— ' _— — NThro— O
p?,o 1+ H:},t o 0

Note that the first term in curly brackets on the right-hand side of Equation (26) is the
standard measure of deflated income: nominal income adjusted by the CPI. The addition of
the second term in curly brackets, {g—’f }, gives the deflated income by the Hamilton method.
The third term is the TEC correction for the non-homotheticity of preferences. As Engel-
curve based methods require non-homotheticity to implement, this gives a theoretically
coherent measure of deflated incomes based on movements in Engel curves.!! We implement

and compare all three measures in our second application below.

1 Note that we have taken the Koniis cost of living index with reference utility level up to the be the
appropriate price index. This leads Equation (26) to depend on Inzp ,.o. With repeated cross-sectional
data sets, Inxp ¢ and Inxy . o are not observed for the same household. Thus Equation (26) can only be
implemented with panel data, or at a group level. We take the latter approach in our second application
below. An alternative approach would be to take the Koniis price index with with reference utility u:  as
the correct price index (so that an Allen index with reference price vector pg is the implied volume measure).
Through manipulations similar to those given above, this would lead to an estimator of an extended money
metric which the literature has sometimes called “adjusted expenditure” (Pendakur, 2002; Donaldson, 1992;
King, 1983).

In Th,rt — Aln C(pr,tv uh,t,r) =In C(p07 U(pr,t7 xh,r,t))- (27)
We eschew that approach in this paper because the Koniis cost of living index with reference utility level
up seems the natural comparator for price indices, such as the CPI, that employ base-period quantities
as weights. The Koniis cost of living index with reference utility level u;, would seem a more natural
comparator for a Paasche price index.
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Finally, before turning to implementation, it is important to consider the interpretation
of deflated incomes calculated by Equation (26), and in particular concerns raised by Angus
Deaton. Deaton has strongly criticized the Hamilton method, arguing that it is subject to
the Pollak and Wales critique (Deaton, 2016, 2010b). To clarify, suppose that the cost of a
reference level of utility depends not only on prices but also on characteristics of households
or the environment, z, so that the cost function is C(p, z,u). An equivalence scale compares
the cost of some reference level utility (for example ug) across values of z, holding prices

constant at some reference price level (for example, py):

C(u(]vav Zl)

St = .
O C(ug, po, 20)

(28)
In an important paper, Pollak and Wales (1979) demonstrate that S3 is not identified from
demand data, because monotonic transformations of the utility function (the inverse of the
cost function) alter the cost-ratio (Equation(28)) without altering demands.

When the cost of a reference level of utility depends not only prices but also on char-
acteristics of households or the environment, we have to be explicit about how we define a
cost-of-living index. If we define it strictly to be the cost-ratio between two price vectors

holding all possible z constant,

C(pr,tv 20, uO)

\Ijr = ;
! C(po,ZO,’U,O)

5

(29)

this object is identified by demand data and can be recovered by the TEC method, as
shown above. The Pollak and Wales critique does not apply. However, the Pollack and
Wales critique does apply to a mixed cost-ratio, in which both p and z are changing. The

cost-ratio
O(pT,ta 21, UO)

, 30
C(po, 20, uo) (30)

is not identified by demand data. Of course, across time and space, as prices change, other
things also change. For example, climate change will affect welfare and well-being, perhaps

particularly in less developed countries. So the adjustments we would really like to make
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are of the type given by Equation (30). Deaton’s reference to Pollak and Wales reminds
us that we cannot, at least not without different kinds of data or very strong assumptions.
The implication is that we should be very cautious about interpreting the deflated incomes
developed in this subsection as welfare measures. It is exactly for this reason that we
employ the term deflated income, rather than the more common “real” income. Of course,
this caution applies equally whether we deflate income by the CPI, by a price index obtained
from the Hamilton method or the TEC method, or by some other price index derived from

demands.

4 Identification

4.1 The Problem

The TEC method requires knowledge of the parameter ag. This parameter would in princi-
ple be identified if price levels were perfectly observed, but is not identified given data like

that used by Hamilton. To see this, first rewrite the two good demand system:
Wh ot = of + fyff(lnpf:t —Inpy,) + A7 1In Thort — 67 1In P4, (31)

In Py = ag+af Inpl, +(1—al)Inpl, + %(—ﬂnpﬂt Inpl, + (Inpf,)? + (Inpl,)?). (32)

Using Equation (21) to eliminate P; from the food share Equation (20), expressing the share
as a function of nominal income and additional price variables, and then grouping terms

yields:

Wh,rt = {Oéf - Bfao} + {fo - Bfaf} lnpf,t - {’Yff + Bf(l - af)} lnp;l,t + 87 Inap
Iyt

{=2mpl npl, + (npl)? + (mp)?} (33)

Note that aq is not identified from income variation alone but is in principle, identified

from the non-linearity in price responses in this expanded form of the share equation.'?

12First, B/ is identified by the nominal log income term and 47/ is identified by the square of the log price
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However, the Hamilton method is motivated by the observation that prices are not
perfectly observed, and the goal is to estimate changes in the cost of living using limited
data. Recall from Section 2.1 that there are two unobservables: base period price levels,
and the error in observed inflation rates. The Hamilton method proceeds by capturing these
unobservables with, respectively, region and time dummies. However, in the expanded form
of the share equation (Equation (33)) the quadratic terms in price levels imply interactions
between the unobservables. To captures these would require a full of set of interactions
between time and region dummies. However, this would leave no variation in observed
inflation rates with which to estimate the parameters of the equation. Consequently «y is
not identified by this approach.

To see this, recall from Section 2.1 that Hamilton assumes the following error structure:
Inpy, = (1 +107,) + npfo + In(l + EF), (34)

where I}, is reported good specific inflation. Substituting this structure into Equation (33)

above gives:

wnra = {af = Bag} + {37 = glal} (1 +10L,) + Inply + (1 + Ef)| (35)

— {'yff + ,Bf(l — af)} [ln(l + Hﬁt) + lnpf’o +1In(1 + EZL)] + ¢ In Xy, .

B Bfytf
2

2
+ [In(1+ 1) + npf + 1+ B)] " + (1 +102,) + Inplig + (1 + B},

{-2 {ln(l + Hit) + lnpfio +In(1 + Etf)} [In(1+11},) + Inp}y + In(1 + E})]

As in Section 2.1, base period price differences (lnpiiO and Inp}y) can be captured with
region dummies, and the time-specific errors captured by year dummies (In(1+ EF)). How-

ever, in the two last lines of Equation (35), the time-specific errors interact with unobserved

term. Given 8 and vff | af is identified from the log relative price term, and then a is identified from the
constant (since we already know of and 8f ). Such an estimate of «y is likely to be imprecise because its a
nonlinear function of estimated (reduced form) parameters in the share equation, and identification depends
on the coefficient on the quadratic term in prices. These in turn would not be precisely estimated unless
there was a great deal of relative price variation. For this reason, demand modelers often fix ag even though
it is in principle identified. See for example Banks et al. (1997) who set o just below smallest observed
value of log income in the base year. A normalization does not help us here, as the resulting decomposition
of the difference between the CPI and the Hamilton deflator would then be completely arbitrary.
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regional base period prices so that time-by-region interaction dummies are required.

4.2 Solutions

There are three ways to deal with non-identification of a parameter: bounding the parameter,
bringing additional data to bear, and adding additional structure to the model. We pursue

all three of these possibilities.

4.2.1 Bounds

Note that budget shares are naturally bounded between zero and one. At base period prices,
the food budget share for household h is w,’;w =af + Blup,o=af —Blag+ B Inwy .
Thus to ensure that budget shares are bounded between zero and one at base utility requires
0 < of < 1 and to ensure that budget shares are bounded between zero and one at all
observed incomes (again at base period prices) requires 0 < of — Bfag + B/ Inz, <
1 Voo € [x(’)”i",xomax] where 27" and z'®® are the minimum and maximum nominal
incomes observed in the data (in the base year). Combining these conditions gives In zJ" +
ﬂif < oy < Inzf®™ — ﬂ—lf Food is a necessity so 3/ is negative and these bounds are
larger than the support of household income in the base period, and so not particularly

informative. We nevertheless compute them for the Hamilton data and report them in an

empirical application below.

4.2.2 Better data

Since Hamilton conducted his study, information of regional price levels in the U.S. has
become available through the important work of Bettina Aten (Aten, 2008). With these
data, lnpfio and Inp;’, are observed eliminating the need for regional dummies. Define the
measured log price level as In f)f,t =In(1+ Hﬁyt) + lnpjfyo so that from Equation (2) we have
1np7’f7t = ln;ﬁff’t + In(1 + Ef). With this, and maintaining the Hamilton assumption that

In(1+ E/) —In(1 4+ EP) = 0, we can derive an estimable equation of the form:
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whee = {0 = plag} + B may .y + {47 — Braf Y npl — (47 + 87 (1 — o)} Inp)

N 2
_8 Y {_mnp;ft Iy + [mpih] + [1np::j;]2} (36)

— 87 In(1 + EP).

The terms in the first two lines of this array are observables. The term in the third line
of this array can be captured just by time dummies. 37 is identified by the nominal log
income term and /7 is identified by the second order terms in log prices. Given 5/ and
vf, af is identified from the log relative price terms, and then aq is identified from the
constant (since we already know o/ and /). We have implemented this on Hamilton’s data
augmented with Aten’s regional price levels. Unfortunately, the resulting estimate of o has
a confidence interval which is as large as the theoretical bounds described above. This is
because identification rests on base-period regional variation in relative prices, which in this

context is not large. In other contexts, regional price level variation may be more helpful.

4.2.3 A Preference Restriction

Finally, identification can be achieved in this setting by imposing restrictions on preferences.
An obvious candidate is to set v/f = 0. These preferences rule out relative price effects on

the budget shares if we condition on P, ;:

w),,=af + 5 In (‘”]’;t) . (37)

Tt

Some authors without access to regional price variation have estimated exactly this
model when implementing the Hamilton method (see Beatty and Larsen (2005) amongst
others), and researchers — including Hamilton — estimating the more general formulation
often cannot reject the restriction that 4/ = 0 (see Hamilton (2001a) where the coefficient
estimate is small and insignificant or Costa (2001) where the effect is negative in one period

and positive in another.)
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Combining this restriction with the error structure in Equation (2), the expanded form of

the share equation (Equation (33)), and Hamilton’s assumption that In(1+E; ) —In(1+E) =

0, we get:
14117
w,’:mt = {af - ﬂfao} + B8 Iz, + Aol In (ant) — 87 In(1 + ;) — B/ In(1+ EM)
T,
- [Bfaf lnpiio +8/1-af) lnpf’o} , (38)

Thr 14117 - _
R G A N e AR R M
T, i 7 -

where the coefficients on the time dummies are ' = 3/ In(1 4+ EJ) and the coefficients on
the region dummies are 6" = — {5fozf lnpf’o + 871 —af) lnpﬁo]

To implement the full decomposition described in Section 3.3, we first estimate Equation
(6) (the specification that Hamilton and subsequent literature estimate) but impose the

restriction that ~#/ = 0,

wl,,=af +3/n < é”{g;»i) — B (1 + E)+> 6D, (40)

_ . f f Lh,rt t Mt r T
=o' + 0 111<CPIM>+§;5D +Z:5D.

We recover an estimate of E; from §' = —3f In(1 + E;). Then, we estimate Equation
(39) to get an estimate of « and following Section 3.3, we calculate part of F; that is due

to non-homotheticity as

pl v (1+1T/,) v
Ab(pe o) (InzCPT — o) = | 220 Tt | (InzCFT — ). 41
(Per)(Inz ap) P QL+, (Inw ) (41)

We now implement this procedure on the Hamilton data.
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5 Applications

5.1 PSID 1974-1991 (Hamilton’s data)

We first apply the TEC method to the same PSID data as Hamilton (2001a) to estimate
the log income level of the Hamilton household as well as calculating the bounds on that
level. This then allows us to calculate the change in cost of living for the CPI household,
and hence CPI bias, as described in the previous section.

Figure 5 displays our estimates, with the preference restriction described above, of the
log income level of the Hamilton household (that is, ag), and the CPI household, against
the full distribution of log income. The figure pools data across states. We can treat each
state in turn as the base region and calculate ag. The two vertical lines in the figure give the
highest and lowest values of oy across states. We find that the Hamilton household is much
poorer than the CPI household, and indeed, in every state has a log income level far below
the minimum log income in the full sample. In practice, this means that this household will
be much more sensitive to price changes in food than the CPI household.

Figure 6 adds the theoretical bounds developed in Section 4.2.1, and shows that the range
of log income levels that the Hamilton household could represent is very wide. That the log
income level of the Hamilton household can be outside the observed log income distribution
(as we find for Hamilton’s data) and indeed potentially very far below or above the observed
log income distribution (as the bounds illustrate), has important implications. In response
to a very early version of this paper (Beatty and Crossley, 2012), Nakamura et al. (2016)
propose to check the robustness of Engel Curve-based inflation estimates (computed using
the Hamilton method) by calculating exact price indices for different parts of the observed
income distribution. They employ Divisia indices from Feenstra and Reinsdorf (2000) which
are exact for the Almost Ideal Demand System (for one particular path of prices). These
indices require only data on initial and final period expenditure shares and prices for the
relevant group. Nakamura et al. (2016) argue that while inflation rates so calculated are
different over different income groups in China, the differences are small. This is a very

elegant way of assessing slope of the change in cost of living (the line labeled AlnC in
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Figure 5: Hamilton and CPI households
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Note : The figure shows the distribution of income in the PSID sample, the income of the CPI household,
and the income of the Hamilton household (lowest and highest states).

Figure 4). However, this procedure is only informative about the slope of this line, and not
its location. If the log income level of the Hamilton household is far below, or far above,
the log income level of the CPI household, then even a modest slope can lead to significant
differences between the Hamilton household and the CPI household in the change in cost
of living. This means that calculations such as those reported by Nakamura, Steinsson and
Liu cannot rule out non-homotheticity as an important component of the difference between
Engel Curve-based inflation estimates and other estimates. The role of non-homotheticity
can only be assessed with information about both the slope of the change in cost of living and
the location (in log-income space) of the Hamilton household (again see Figure 4). The slope
of the change in cost of living depends on movements in relative prices and the slope of the
food Engel curve and it is fairly straightforward to calculate it directly or to approximate
it using methods such as those employed by Nakamura et al. (2016). Information about
location (in log-income space) of the Hamilton household is more difficult to obtain, but is

equally important to assessing the implications of non-homotheticity.
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Figure 6: Bounds
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Note : The figures show the bounds on «g, the income of the Hamilton household (for the medium state),
and the income of the CPI household.

Figure 7: Relative Prices & Non-homotheticity (1974-1991)
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Note : The Figure charts the evolution of the relative price of food to non-food goods, over the period
studied by Hamilton (solid line). The difference in the change in log cost-of-living for the CPI household
and the change in the log cost of living of the Hamilton Household is given by the dashed line.

28



The solid line in Figure 7 charts the evolution of the relative price of food (to non-food
goods) over the period studied by Hamilton. In this time period, food prices fell relative
to non-food prices, so that rich households experienced larger cost-of-living increases than
poor households. Together with the fact that the log income level of the Hamilton household
is far below the log income level of the CPI household, this implies that the true change
in cost-of-living was smaller for the Hamilton household than for the CPI household. The
excess in the change in cost-of-living for the CPI household over the change in the cost of
living of the Hamilton household is given by the dashed line in Figure 7. This difference in
true cost-of-living changes in turn implies that the difference between the change in cost-of-
living for the Hamilton household and the CPI overstates the bias in the CPI as a measure
of the change in cost-of-living experienced by the CPI household. Hence, the scenario that
turns out to be relevant for these data and this period is captured by Panel (a) in Figure 4.

Our TEC estimates of CPI bias are presented in right-hand side column of Table 1. Our
replication of Hamilton’s original estimates are given to the left of these for comparison.'?
As we remove the difference between the change in cost-of-living for the CPI household and
the change in the cost of living of the Hamilton household, the TEC estimates of cumulative
CPI bias are smaller than Hamilton’s. By the end of the period the TEC method reveals
a cumulative CPI bias of 5 percentage points lower than Hamilton’s: Nevertheless, after
correcting for non-homotheticity, we continue to find a significant upward bias in the CPI

in this period, with cumulative bias over the 15 years of 23 percentage points.

5.2 CE Data 1990-2014

In a second empirical application we consider the years 1990-2014. This period is interesting
not only because it brings us up to date, but also because after Boskin et al. (1996) the
BLS made a number of improvements to the CPI (see also Gordon (2006)). These included
the use of a geometric means formula to account for lower level substitution, expanding

the use of hedonic models to account for quality change, and introducing a procedure to

13The appropriate comparison is to his 25-SMSA sample estimates. Our numbers differ very slightly, due
to subsequent revisions to the PSID
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Table 1: Comparing CPI Bias computed according to Hamilton and TEC Methods

Year Hamilton TEC
1974 - -

1975 0.050 0.049
1976 0.122 0.112
1977 0.106 0.096
1978 0.133 0.131
1979 0.167 0.166
1980 0.212 0.196
1981 0.199 0.177
1982 0.220 0.189
1983 0.240 0.204
1984 0.280 0.238
1985 0.257 0.250
1986 0.257 0.209
1987 0.266 0.220
1990 0.280 0.238
1991 0.277 0.230

Note: The table shows the cumulative bias for the Hamilton and TEC methods.The cumulative bias for the
Hamilton method is given by E; = exp[—g—;] — 1 and the cumulative bias for the TEC method is given by

t
By = eXp[igif +4ab (pr,t) (lnxg’gl - a0>] -

introduce new goods to the index more quickly (Johnson et al., 2006). It is important to
assess the effect of these improvements and the TEC method provides a line of evidence on
this question.

For these years, we switch from the PSID to the Consumer Expenditure (CE) Survey.'*
CE data are collected by the Census Bureau for the Bureau of Labor Statistics. The CE
data contain household-level information on an aggregate of non-durable consumption, food
consumption, and income (to be used as an instrument).!> We also observe employment
status and detailed demographics that can be used as controls. We follow Hamilton (2001)
and use only households that are identified as “white” and with both adults older than 21.
The area identifier for households is state of residency in addition to an identifier for whether

or not the household lives in a SMSA. We have CPI data at SMSA level and assign a CPI to

L4More recent waves of the PSID are not well suited to this exercise as the PSID is now biennial and
income and expenditure questions refer to different years

15More precisely the CE contains data at the level of the consumer-unit. See the Appendices for more
detail.
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each household in the following manner. We drop households that do not live in a SMSA.
If a state has no SMSA for which we have a CPI, we drop it. If we have one SMSA CPI
for a state, we assign it to the state. If we have more than one SMSA CPI for a state we
use the average. As some SMSA span more than one state, an SMSA is assigned (fully or
as part of an average) to every state it spans.

Moreover, the CE is a natural dataset with which to estimate Engel curves. It allows us
to use (non-durable) consumption, rather than net income, as the budget measure to which
we relate the food share. This is conceptually desirable and means that we do not need to
be concerned that Engel curves are shifting because of changes in inter-temporal allocation
(saving). It also allows us to deal with possible measurement error in the budget measure
by instrumenting for consumption with income, as is commonly done in empirical demand
estimation.!®

Figure 8 shows the estimated position of the Hamilton household relative to the consump-
tion distribution for 1990. The figure again pools data across states, and the two vertical
lines give the highest and lowest values of ap — the Hamilton household — across states. As
in the earlier time period, the Hamilton household is very poor, and their consumption lies
well below the observed consumption distribution.

However, the years from 1990 to 2014 differ from the period studied by Hamilton in the
movement of the relative food price. In contrast to the steady decline seen between 1974
and 1991, which favored the poor, 1990 to 2014 saw an initial decline in the relative food
price followed by a steep increase in the relative food price. This is shown in Figure 9. One
implication is that from 2006 the poor experienced a faster increase in the cost-of-living than
the rich, and the (very poor) Hamilton household had a higher cost-of-living increase than
the CPI household (or, indeed, any household in the empirical consumption distribution).
This in turn means that the TEC correction for non-homotheticity changes sign after 2006,
and the original Hamilton method understates, rather than overstates, the degree of CPI
bias in recent years.

We break the post-1990 years into two periods, 1990-1998 and 2000-2014, in order to

16The results are based on OLS estimates to maximize comparability with the PSID estimates, but IV
estimates are similar.
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Figure 8: Estimated log-income of the Hamilton household, 1990
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Note : The figure shows the distribution of income in the CE sample, the income of the CPI household, and
the income of the Hamilton household (lowest and highest states).

Figure 9: Relative Prices (1990-2014)
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Note : The figure shows the development in the relative price of food (over non-food) in the years 1990-2014.
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asses the major reforms to CPI undertaken after the Boskin report were introduced in 1999.
Figure 10 displays our results for cumulative CPI bias using both the Hamilton method
(dotted lines) and the TEC method (solid lines). There are three panels, all with the same
vertical scale. For comparison purposes, our PSID results for the earlier Hamilton period
are reproduced in the far left-hand panel. The middle panel displays our CE results for the
1990-1998 period (that is, after the Hamilton period but before the post-Boskin reforms to
the CPI), and the farthest-right panel gives CE results for the 2000-2014 period, after the
post-Boskin reforms.

In the period 1990-1998, we continue to find evidence of important bias in the CPI. As
noted above, movements in relative food price through this period were largely to the benefit
of the poor. So, as in the original Hamilton period, the Hamilton household experienced a
smaller increase in the cost-of-living than the CPI household. The TEC method suggests
cumulative bias in the CPI of 13 percentage points over these 8 years (compared to 28
percentage poiuts over the 15 years of the Hamilton period). Note that there is a larger
difference between the TEC method and the Hamilton method for these years and data.
Our correction for non-homotheticity indicates that the original Hamilton method overstates
genuine CPI bias by almost 40% by the end of this period.

Turning to the period 2000-2014, because the relative price of food falls and then rises
in period, our non-homotheticity correction changes sign part way through the period, and
the two sets of estimates do not diverge significantly. But more importantly, neither set of
estimates suggests much CPI bias in this period, as is evident in the far-right panel. The
TEC method estimates a cumulative upward bias in CPI of 6 percentage points over this 15
years period. This is in sharp contrast to the two earlier, pre-Boskin periods in the middle
and left-hand panels. This suggests that the improvements made to the CPI in the late
1990s may have been effective. At a minimum, food Engel curves no longer seem to be
shifting much over time.

Finally, as noted Section 3.4, the underlying motivation in much of this literature is
to construct volume measures of deflated income or consumption measures. We conclude

this application by using Equation (26) to calculate and compare alternative measures of
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Figure 10: Cumulative CPI Bias Across Three Periods: Hamilton and TEC methods
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Note : The figure displays the cumulative bias for the Hamilton method and the TEC method. The

cumulative bias for the Hamilton method is given by F; = exp[—g—;] — 1 and the cumulative bias for the

TEC method is given by By = exp[—g—; + Ab(pr,t) <1n zﬁgl - ao)] —1.
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deflated consumption for the periods 1990-1998 and 1999-2014.

These calculations of genuine CPI bias are based on the idea that if we have the right
deflator for the Hamilton household (Aln P), the location of the Hamilton household in
log-income (or log-consumption) space (ag), and the slope of the cost-of-living function, we
can calculate the true change in the cost-of-living at the log-income or (log-consumption)
level of the CPI household. But of course the calculation can be made for any income (or
consumption) level. Put differently, we have shown that the assumptions typically made
to use the Hamilton method are sufficient to recover changes in the cost of living right
across the income (or consumption) distribution. This means we can study how inflation
differs between rich and poor, or apply Equation (26) to study how deflated income (or
consumption) has evolved at different points in the relevant distribution. Here we consider
three households with the mean consumption of the first, third and fifth quintile of the
consumption distribution. We then calculate (using Equation (26)) alternative paths of
deflated consumption for these households from 1990 to 1998, and from 1999 to 2014. To
compare growth, we normalize each path to 100 in either 1990 or 1999.

The results are displayed in Figure 11. The top row shows results for 1990-1998 with
panels for the lowest, middle and highest quintiles of the consumption distribution as we
move from left to right. The bottom row shows results for 1999-2014, again with panels
for the lowest, middle and highest quintiles of the consumption distribution arranged from
left to right. In each panel, non-durable consumption deflated by the CPI is given by the
darker solid line. Non-durable consumption deflated by the CPI corrected for the bias as
estimated by the Hamilton method is given by the short-dashed line. Finally, non-durable
consumption deflated by the TEC measured cost of living is given with by the long-dashed
line.

Starting with the 1990-1998 period, consumption deflated by the CPI fell substantially
for the lowest quintile. By the same measure, the middle and top quintiles experienced falls
in non-durable consumption through the middle of the decade but recovered their initial
position by the end of the decade. Using alternative deflators leads to a quite different story.

If consumption is deflated by the CPI corrected according to the Hamilton method, the
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lowest quintile experienced modest economic progress through the 1990s, while the middle
and top quintiles appear to have experienced strong non-durable consumption growth. The
TEC method reveals that part of the correction that the Hamilton method makes to the
CPI is the spurious result of differences in the consumption basket of the fairly affluent
CPI household and extremely poor Hamilton household. When we use the TEC method
to calculate the correct cost-of-living change for each household, we see that the economic
progress of each quintile is substantially understated by consumption deflated by the CPI,
but substantially overstated by consumption deflated by the CPI corrected according to
the Hamilton method. The middle and top quintiles of the consumption distribution have
experienced more economic progress than the bottom quintile, but that progress was more
modest than the Hamilton method would suggest. At the same time, the bottom quintile
did not experience the consumption losses that the uncorrected CPI would suggest.

In contrast to the 1990s, during the 1999-2014 period, shown in the bottom row of Figure
11, the three measures of deflated-consumption are quite similar. This a consequence of two
things. First, the disappearance of bias in the CPI as a measure of the cost-of-living increase
in the CPI household, as noted above. Second, over this period the inflation experienced by
the CPI-household is not very different to that experienced by poorer households over this
period, because the relative price of food both rose and fell. Together, these facts mean that
for the 1999-2014, the CPI did a reasonable job of capturing changes in the cost of living

for all quintiles.'”

6 Summary and Conclusions

The Hamilton method as proposed and often used confounds genuine CPI bias with dif-
ferences in consumption baskets across the income distribution. We have argued that, as

the Hamilton method requires non-homotheticity to implement, non-homotheticity must be

171n this analysis our focus is on the denominator of the deflated consumption measure, and hence across
the three measures (deflated by CPI, Hamilton and TEC.) Comparisons across quintiles and time will also,
of course, reflect the numerator (nominal consumption), and here there are important issues regarding the
changing representativness of the CE data across the income distribution and over time. Those issues are
beyond the scope of this paper but have been much discusssed elsehwere. See Aguiar and Bils (2015) and
the further references therein.

36



‘Ajoreredss (suiiojel urysog-1sod Iaje pue o10joq) polrad 1aje] pue A[Ies o1} 10J PUER ‘UOIINLIISIP SUIOIUT 913 JO S[IJUMb 1s0ySIy oY) pue o[pprux
a1 ‘1SAMO[ 9} J0J Spudl) smoys 1] ‘A[oAr3oadsalr ‘sroteyep DAL, 90U PUe UOITWRH dY} ‘I 9Y} SUISN SSWOOUL PaJRPAP JIOJ SPUI) 8Y) SMOYS 8ISy 9, : 270 N/

uojjlweH
QL L QL L
SRS RN
MO
- 06
~ L 00}
VT
//\:\ -0LL
\/,
Y -0zl
L ogl
S[IUIND Y4
Q' O O O O
EEFLES
\/\/ - 06
- > 0oL
\\\/fl\\./\ FOLL
- -0zl
L ogl
S|IUIND Y4

——-- 03l
L L QL L
QS
T F P
- 06
2 =~ \l\w.\ IOOF
1
'\ /1 0Ll
2 -0zl
~0¢1L
S|UIND Py L
Q' O O O O
LTS
- 06
Ed L 001
VANV
\)l\v/l\ —O0Ll
~0cl
~0¢1L
S|UIND pAyL

9IUIND 18414
Q' O O O O
ETELES
\/\/\/ ~ 06
A=A/ ool
A T
~0cl
~0¢L
9IUINYD 18414

(F102-6661 28 8661-066T) soxoput uorydwnsuoy) pojeyo(] 1T 9andig

37



accounted for in interpreting the movement in Engel curves over time or space. We have
demonstrated how to do this by developing a method that disentangles genuine price index
bias from differences in consumption baskets across the income distribution. In this way,
the Hamilton method can be made internally consistent.

For the data and period that Hamilton studies, the TEC method leads to smaller, but
still important, estimates of cumulative bias in the CPI. When we extend the analysis to
more recent periods, we have two interesting findings. First, between 1990 and 1998, we
continue to find evidence of CPI bias. But in this period, the difference between the TEC
deflator and the Hamilton deflator is larger. Our correction for non-homotheticity indicates
that the original Hamilton method overstates genuine CPI bias by almost 40% by the end
of this period. Second, we find little evidence of CPI bias for the period 2000-2014. We
speculate that this is due to improvements to the CPI undertaken by the BLS in 1999, after
the Boskin Commission report.

These findings have important implications for the study of growth in deflated household
income or consumption. For example, Meyer and Sullivan (2009, 2011) argue that official
poverty statistics in the U.S. understate the progress that has been made on eliminating
poverty over time. While their calculations differ from the official statistics in a number
of ways, one key factor is that they reduce growth in the CPI by one percent per year,
citing the complementary evidence from the Boskin Commission and from Hamilton (2001a).
Our analysis suggest this is a reasonable thing to do for the period originally studied by
Hamilton. But in the 1990s the TEC method suggests a growth in deflated consumption
that, while significantly above what the CPI would imply, is significantly below what the
original Hamilton method would imply. This is true right across the income distribution.
And for the post-2000 period, we find no systematic evidence of the CPI bias, so that there
is no evidence from Engel curves against using income deflated by the CPI to measure

household resources.
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Appendix A: Re-normalizing Prices

The calculation of the non-homotheticity bias is done for the reference region. However, we can choose any
of the R regions to make the reference price vector. To calculate the CPI bias at every region specific price
vector, we do not have to re-estimate R times because we can work out quickly from the one set of estimates
what the estimates would be if we left out a different region dummy.

If we leave out a region dummy, all that changes is the constant. This in turn changes the TEC estimate
of ag. This makes sense because «q is the log cost of zero utility when prices are 1. If we redefine which
region’s prices are one (equivalently: redefine quantities) then we change «y.

Our “long form” is

wf o= {af = Blab} + 87 n (55 ) + Blal In (”“ ) S, D+ Y, 7D,

with reduced form

wi,, =A'+ Z,,0+ 5,0 D",

where A! is the constant and Z, ;0 contains the income, relative price and time terms. Note that we
are now indexing the constant and af by the normalization (by which region is the omitted region, or
equivalently, which region is the reference region and has prices set to 1 in the base period).

Note that af = —Alﬁ’far

The intercept if we left out region r instead would just be

AT = At + 0"
S r_ _AT—a" __ _A1+5T70f _ _O‘f—ﬁfo‘(lr"‘sr_o‘r R 3
0y = B = B7 = BT =0y~ g7-

So the procedure would be as follows:

1. Estimate the long form as before leaving out the Region 1 dummy and use the ratio of inflation rates to

(1+Hit)

g7
f
do the bias/non-homotheticity calculation for that region: Ab(py ¢))(In2°F1—af) = [(UJFH“)) - 11 (Inz¢PT—

a}).

2. Then do the calculation for each of other regions, again using just the inflation rates (so that each time
we are re-normalizing prices to be one in that region in the base period) but noting that renormalization

of prices means we have to adjust «q for each region:

_ Bf .
1411/
T

Ab(pr.¢))(Inz" — af)

Bl -
(1+H{,t) CPI 1 (5T




3. We then average over the bias from the different regions. Note that structurally
= Bfaf lnpff’o + Bf(l — af)lnpﬁo,

so that:

o =ab — (of ln]oﬁ0 +67(1 - af) Inpjg).

4. Finally, to see why this makes sense, note that the identifying assumption is that 7, ; = 0 so that

Ina(pet) = ao+ Z ay lnpf,t,
k=f,n

where « is the value of the price index when prices are one. If we renormalize prices we have to adjust

ag by Ek:f’n oy, 1np’f7t.



Appendix B: Data and Estimates

PSID 1974-1991 (Hamilton’s data)

In our first application we apply the TEC method to the Panel Study of Income Dynamics (PSID) data
studied in Hamilton (2001). While Hamilton’s original data set is no longer available, there is sufficient
information in Hamilton (2001) to recreate the his data from raw PSID files. However, revisions to the
underlying PSID data with subsequent releases mean that there are very minor differences between our data
set and Hamilton’s original data, particularly with regards to geography.

In creating our PSID data set for analysis we follow Hamilton’s sample selection rules. In particular,
we set aside the poverty sample in the PSID and then select white, two-adult families with any number of
children (including zero), with both adults aged 21 or older. We delete families that report a change in
household composition since the previous year, and those receiving food stamps or AFDC. We also delete
families with food shares greater than 80% or less than 2%, those with missing tax information, and those
with net income less than $150 or with top-coded income. Note that in the PSID income refers to the
previous year, so for each family-year observation we take the one-year-ahead value of the income variable.

We use the CPI Urban Consumers (Old Series) for all MSAs used by Hamilton. From the Bureau of
Labor Statistics (BLS), we obtained the per city All Items CPI (SA0) and the per city Food-At-Home price
index (SA111). Note that the BLS does not report All Items Less Food (SAOL1) at the MSA level. To
create this series, we use the relative importance files provided by BLS to back this series out from the All
Ttem and Food series. Note that the relative importance files are missing for 1978, 1979, and 1980 and so
we interpolate the weights by city for these years.

In estimating Engel curves, we again follow Hamilton exactly. We take the share of food at home in
net income as our dependent variable, net income as our income measure, and we include the ratio of the
Food-At-Home CPI to the All Items Less Food CPI as our relative price. Additional controls are: age of
the husband, age of the wife, education of the husband, education of the wife, hours worked by the husband,
hours worked by the wife, the number of children, share of income spent on food away from home, and finally
measures of positive and negative income growth (equal to the change in year over year income y; — y;—1,
times indicator variables for positive and negative changes). Appendix Tables 1 and 2 correspond to Tables
2 and 3 in Hamilton (2001). Note here that we are not imposing the preference restriction that use to
identify g in the TEC method, so as to match Hamilton precisely. These estimates underlay cumulative

bias estimates using the Hamilton method presented in Table 1 of the paper.



Table 1: PSID Main Regression Results

Variable Coefficient  Std. Error
Constant 0.9789 0.0138
Age of Husband 0.0005 0.0001
Age of Wife 0.0005 0.0001
Number of Children 0.0219 0.0006
County Unemployment -0.0001 0.0003
Husband’s Annual Hours 0.0037 0.0008
Wife’s Annual Hours -0.0026 0.0007
Husband’s Education -0.0011 0.0003
Wife’s Education -0.0002 0.0003
In(Income) -0.0919 0.0015
In(Relative Food Price) 0.0181 0.0201
Income Growth + 7.01e-07 1.34e-07
Income Growth - -8.40e-07 1.02e-07
Food Share at Resaturant 0.1400 0.0199
R2 0.5545

N 7937

Table 2: PSID Year and SMSA Dummies

Year (Csizfﬁ%i?t) gi;;ns;?iz/;te SMSA Coefficient(Std. Err.)
1975 -0.0047 (0.0033) 0.050 New York 0.0270 (0.0038)
1976 -0.0119 (0.0034) 0.122 Miami 0.0180 (0.0050)
1977 -0.0103 (0.0035) 0.106 Los Angeles 0.0118 (0.0050)
1978 -0.0131 (0.0032) 0.133 Buffalo 0.0131 (0.0091)
1979 -0.0168 (0.0033) 0.167 San Francisco 0.0096 (0.0044)
1980 -0.0218 (0.0036) 0.212 Portland, OR 0.0083 (0.0068)
1981 -0.0203 (0.0039) 0.199 Chicago 0.0069 (0.0040)
1982  -0.0227 (0.0043) 0.220 Cincinnati -0.0178 (0.0051)
1983 -0.0251 (0.0048) 0.240 Houston 0.0055 (0.0053)
1984 -0.0302 (0.0049) 0.280 San Diego 0.0010 (0.0068)
1985 -0.0273 (0.0052) 0.257 Washington, DC 0.0056 (0.0047)
1986 -0.0273 (0.0049) 0.257 Philadelphia 0.0077 (0.0047)
1987 -0.0284 (0.0048) 0.266 Milwaukee 0.0081 (0.0077)
1988 Detroit 0.0033 (0.0040)
1989 Boston 0.0043 (0.0038)
1990 -0.0302 (0.0044) 0.280 Baltimore 0.00717 (0.0048)
1991 -0.0298 (0.0045) 0.277 Denver -0.0030 (0.0056)
Pittsburgh 0.0005 (0.0044)
Kansas City -0.0019 (0.0062)
Seattle -0.0058 (0.0045)
St. Louis -0.0078 (0.0044)
Cleveland 0.0061 (0.0050)
Dallas

Minneapolis/St. Paul
Atlanta

-0.0102 (0.0051)
-0.0130 (0.0041)
Base




CE Data 1990-2014

In our second empirical application we consider the years 1990-2014, and for these years we switch from the
PSID to the Consumer Expenditure (CE) Survey.

The CE data are collected by the Census Bureau for the BLS. The CE comprises two distinct surveys
(with different samples): an annual diary survey and a quarterly interview survey. For a general descriptions
of the data see Bee et al (2015) and Bureau of Labor Statistics (2011). We use data from the interview
survey, which Bee et al (2015) argue is the more reliable source, particularly for distributional analyses.

The CE interview survey is a rotating panel and each consumer unit (roughly, a family) participates
in up to five quarterly interviews. However, the first interview is a bounding interview and data from this
interview are not publicly available. We use data from the 2nd quarterly interview for each consumer unit.
Focusing on 2nd quarter avoids issues of attrition.

From the CE data we use consumer-unit level data on food spending, a measure of aggregate non-durable
consumption spending, and income. Neither the interview survey nor the diary survey collects spending on
all items, so our measure of aggregate non-durable consumption spending omits several small items (see Bee
et all (2015) for further details). We also use data on employment status and detailed demographics as
regression controls.

For the CE application in this paper we follow the selection rules that Hamilton employed for PSID
closely, though some of those rules are either not relevant or not possible to apply to the CE. As with the
PSID we select two adult households (with any number of children) that are identified as “white” and with
both adults older than 21. We also once again delete families with food shares greater than 80% or less than
2% and those with net income less than $150.

We also follow, as far as is possible, his specification of the food Engel curve. As our CE dataset does
not have a panel structure, we are unable to include the negative and positive income growth controls that
Hamilton includes (and we include) for the PSID.

The area identifier for consumer units is the state of residency. In addition, the data contain an identifier
for whether or not the household lives in a SMSA. As CPI data are available for SMSAs, we base our
estimation on the households that live in SMASs, and drop consumer units that do not live in a SMSA.

If a state has no SMSA for which we have a CPI for all years, we drop that state. If we have one SMSA
CPI for a state, we assign it to that state. If we have more than one SMSA CPI for a state we use the
average. As some SMSAs span more than one state, an SMSA is assigned (fully or as part of an average) to
every state it spans.

Appendix Tables 3 and 4 present the full regression results for our replication of Hamilton on this CE



Table 3: CE Main Regression Results

Variable Coefficient  Std. Error
Constant 1.250 0.010
Age of head 0.000 0.000
Sex of spouse 0.000 0.000
Number of Children 0.024 0.001
Typical hours of head per week 0.002 0.001
Wife’s Annual Hours -0.006 0.001
Wife High school -0.016 0.002
Wife more than high school -0.020 0.002
Husband high school -0.006 0.002
Husband more than high school -0.008 0.002
In(Income) -0.113 0.001
Food Share at Restaurant -0.204 0.007
R2 0.406

N 33554

sample. Note that here we are imposing the preference restriction discussed in the paper, though results
without that restriction are very similar. These estimates result from estimating the Engel curve by OLS,
but IV estimates are again quite similar. The full list of the states that we are able to include is given in

Appendix Table 4.



Table 4: CE Year and State Dummies

Year (Csizfﬁ%i?t) gil;sniaz:te State Coefficient(Std. Err.)
1991 -0.011 (0.004) 0.091 California -0.045 (0.004)
1992 -0.009 (0.004) 0.075 Colorado ~0.061 (0.005)
1993 -0.018 (0.004) 0.145 Connecticut -0.058 (0.005)
1994 -0.020 (0.004) 0.159 Florida -0.051 (0.004)
1995 -0.013 (0.004) 0.107 Georgia -0.056 (0.004)
1996 -0.023 (0.004) 0.188 Hawaii -0.038 (0.014)
1997 -0.016 (0.004) 0.127 Illinois -0.061 (0.004)
1998 -0.021 (0.004) 0.168 Indiana -0.085 (0.004)
1999 -0.018 (0.004) 0.151 Kansas -0.077 (0.007)
2000 -0.017 (0.004) 0.143 Maryland -0.045 (0.005)
2001 -0.024 (0.004) 0.194 Massachusetts ~ -0.053 (0.004)
2002 -0.019 (0.004) 0.152 Michigan -0.073 (0.004)
2003 -0.016 (0.004) 0.130 Minnesota -0.079 (0.005)
2004 -0.015 (0.004) 0.125 Missouri -0.068 (0.005)
2005 -0.021 (0.003) 0.171 New Hampshire -0.073 (0.008)
2006 -0.031 (0.004) 0.242 New Jersey -0.049 (0.004)
2007 -0.026 (0.004) 0.209 New York -0.041 (0.004)
2008 -0.020 (0.004) 0.160 Ohio -0.076 (0.004)
2009 -0.016 (0.004) 0.136 Oregon -0.074 (0.005)
2010 -0.024 (0.004) 0.193 Pennsylvania -0.079 (0.004)
2011 -0.022 (0.004) 0.174 Texas -0.075 (0.004)
2012 -0.024 (0.004) 0.193 Virginia -0.009 (0.004)
2013 -0.015 (0.004) 0.122 Washington -0.073 (0.005)
2014 -0.021 (0.004) 0.169 Wisconsin -0.081 (0.004)
Arizona Base
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