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Facts

Obesity prevalence in the US has more than doubled T
from 15.5% in 1977 to 34.3% in 2005.

Total daily calorie intake increased by 23%.

Calories coming from products with added sugars,
added fats, and flour and cereals increased by 37%,
while the price of these items decreased by 16%.

Calories coming from fruits and vegetables, dairy, and
meat, eggs, and nuts increased by 4%, while the price
of these items increased by 25%.
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f #® EXxperimental Papers T
s French, Jeffery, Story et al. (1994, 1997, 2001)

» Battle Horgen and Brownell (2002)
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Literature Review

f #® EXxperimental Papers T
s French, Jeffery, Story et al. (1994, 1997, 2001)

» Battle Horgen and Brownell (2002)

#® Econometric Analysis
s Lakdawalla and Philipson (2002)
» Chou, Grossman, and Saffer (2004)
» Gelbach, Klick, and Stratmann (2007)
s Schroeter, Lusk, and Tyner (2008)
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Question

fWhat fraction of changes in agents’ weight can be T
accounted for by changes in relative food prices?

Our approach differs from existing studies in two main
respects.

# We use a stochastic dynamic optimization model of
eating decisions, where we make strong assumptions
about agents’ behavior and the functional form of
preferences and survival probability, rather than a
statistical or experimental approach.

# We use a different data set on food prices.
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Main Result

fAfter calibrating the model, we find that changes in food T
prices account for less than 10 % of the increase in average
weight of Americans.
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f # Food Category 1 (“Low calorie (dense) food”) includes: T
s Fruits and vegetables,
s Meat, poultry, fish and eggs, and
s Dairy products.
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Two Food Categories

f # Food Category 1 (“Low calorie (dense) food”) includes: T
s Fruits and vegetables,
s Meat, poultry, fish and eggs, and
s Dairy products.

#® Food Category 2 (“High calorie (dense) food”) includes:
s Fats and olls,
s Sugars and sweets, nonalcoholic beverages, and
» Cereal and bakery products.
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Changein Calorie Intake by Food Group
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Price of Low and High Calorie Food
f p X q = Expenditure T

_ FExpenditure

P = q

Price of Low Calorie Food

_ appdy
PLFt = Caloriesr,r

arr+ - expenditure share on low calorie food

I; - real income

Caloriesy i, - calories consumed from low calorie food
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Price of Low and High Calorie Food
f p X q = Expenditure T

_ FExpenditure

P = q

Price of High Calorie Food

_ agrsly
PHFt = Caloriesg .+

agr+ - €xpenditure share on high calorie food

I; - real income

Caloriesyr; - calories consumed from high calorie food
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Changein Relative Price Over Time

f 3.4 —‘

3.2 1

ro
00

Relative price (low/high calorie food
2
o)

University of Minnesota, October 2, 2008 — p. 11



Households



Households

f #® Time is discrete and infinite



Households

f #® Time is discrete and infinite T

# Food consumption

Q=

s o =@l + (1 —n)h?)

s h; - “high calorie food”
s [; - “low calorie food”
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Households

f #® Time is discrete and infinite T

# Food consumption

Q=

s o =l + (1 —n)h)

s h; - “high calorie food”
s [; - “low calorie food”

® Contemporaneous preferences
» U(c{,c?f) = ,ulog(c{) —I—C?f

s ¢ -food
L s ¢,’ - non-food consumption J
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ight Law of Motion & Survival Probabili
f’ Wig1 = (1 — d)We + Al + hy) T

s 0y € (0,1) - daily depreciation of weight

s )\ > 0 -relates calorie consumption to changes in
weight

#® A “special”’ coin is tossed which determines whether the
representative agent survives the period or dies.

s w(W4) Is the time-invariant conditional probability of
survival

s U is the constant utility that agents receive from

L death J
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Households Constraints

f # Agents are endowed with income I, T

# Their budget constraint is given by:

. C?f + piele + ppehe = I
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Expected Discount Utility

# We assume that the representative agent is alive with
probability one in the initial period. Given the weight in

period one, W, the expected discounted utility is equal
to:

U(W1) =

A+ plog(e]) + B(r(Wa)(cy? + plog(ch)) + (1 — x(W2))T)
+ 32 (W) (m(Ws) (2 + plog(ch)) + (1 — n(W3))T) + ..
The parameter 5 € (0, 1) Is the pure time discount factor.
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Agent’s Maximization Problem

f # In the first period, the representative agent chooses a T
sequence of

s food consumption
s non-food consumption

# to maximize the discounted expected utility in period
one subject to

s the budget constraint
s the weight law of motion
s Nnon-negativity constraints.
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First-order Conditions

- N

® L] pu— iy = ABT (Wig) X

(% log(nl, 1+ (1 =)y, 1)+ Liv1 — pre+1liv1 — Prer1hes1 —U)
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® L] pu— iy = ABT (Wig) X

(% log(nl, 1+ (1 =)y, 1)+ Liv1 — pre+1liv1 — Prer1hes1 —U)

» [ht] : Pht — 7;;%1_(717)_}3;)}%) — AﬁTH(W;H.l)X

(5 log(nly, 1+ (1 —=n)hy )+ Tip1 —pre1lie1 — Preyrhep1 —U)
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Stationary Equilibrium

# All prices and quantities are constant over time so that
for every t:

e [} =17
e hy =h"
s Wy =W*
® Pit = DI
® DPht = Ph
e [, =1

|
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Stationary Equilibrium



Stationary Equilibrium

# The first-order conditions evaluated at the steady state
are given by:

pnl*P p(l—n)h**~"
$ D — 77l P_|_(1 ﬁ)h w» — Ph — nl*p+(1—77)h*p

s p— gt = As (A (Lrog (i
L= o) 4T — i — pyl — 0

|
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Calibration

h* = 1268 (daily calorie intake in 1977)
[* =912 (dally calorie intake in 1977)

3 = 0.9655 = 0.998
0w = 0.01 (daily weight depreciation)
W* =155

A= 2V Hence, A = 7.12¢

© o o o o o
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Calibration

h* = 1268 (daily calorie intake in 1977)
[* =912 (dally calorie intake in 1977)

3 = 0.9655 = 0.998
0w = 0.01 (daily weight depreciation)
W* =155

A= 2V Hence, A = 7.12¢

© © o o o 0o o

I = $25.26 per capita per day

|
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Price of Low and High Calorie Food
f-’ PLFt = e T

Caloriesr,r

L OtHF,tIt
* PHFt = Caloriesg .+

arr: - €xpenditure share on low calorie food

apr: - expenditure share on high calorie food
I; - real income

Caloriesy i, - calories consumed from low calorie food
Caloriesy -+ - calories consumed from high calorie food
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Price of Low and High Calorie Food
f-’ PLFt = e T

Caloriesr,r

L OtHF,tIt
* PHFt = Caloriesg .+

arr: - €xpenditure share on low calorie food

apr: - expenditure share on high calorie food
I; - real income

Caloriesy i, - calories consumed from low calorie food
Caloriesy r; - calories consumed from high calorie food

® p=1283 p, =612
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Calibration of Probability of Survival
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s W is the optimal weight at which the conditional
survival probabillity is maximum and equal to one

s a IS a positive parameter



Calibration of Probability of Survival
f.’ T(Wy) = e—a(Wi=W) T

s W is the optimal weight at which the conditional
survival probabillity is maximum and equal to one

s a IS a positive parameter

# Because of the squared term, the survival probability
declines whenever the representative agent weight is

not equal to .
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Calibration of Probability of Survival

f ® W = 155 (average weight in 1977) T

The likelihood of death doubles when people’s BMI
Increases from 25 to 35.

We also have ABMI = 703 AVKtQ

The increase in BMI represents a change in weight equal to

AW = 1%252 — 60 pounds, where 65 is average height in
1977.

® U = 0 (the utility from death)

o |
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Calibration for 1 and n

f # For Cobb-Douglas case, where p =0 T

#® The parameters, ;. and p, are determined by the
solution to the following equations:
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Calibration for 1 and n

f # For Cobb-Douglas case, where p =0 T

#® The parameters, ;. and p, are determined by the
solution to the following equations:

1—
® pz—%zph—%:o

® 1 =1.9434
® 1 =0.6004

o |
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Numerical Experiment

f #® We start from the Steady State in 1977. T

# Feed in the change in p; and py,;.
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Numerical Experiment

f # We start from the Steady State in 1977.
# Feed in the change in p; and py,;.

® See the effects on [y, hy, and weight.
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Numerical Experiment

f # We start from the Steady State in 1977. T
# Feed in the change in p; and py,;.

® See the effects on [y, hy, and weight.

1977 2005 | % Change
Price of Low Calorie Food | 1.28¢73 | 1.61e™3 +25
Price of High Calorie Food | 6.12e=* | 5.11e4 -16
Price Ratio (Low vs. High) 2.1 3.15 +47
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M odel Prediction

Ap(1) | Apu(D) | Al
Al* | -18.31% | -4.06% | -21.27%
Ah* 7.89 38.61 16.56
AW™ -3.03 3.43 0.65




M odel Prediction

f #® Changes in prices of either low or high calorie food T
taken one at a time have a great impact on people’s
eating choices, which is in line with findings of the
experimental economics literature (e.g., French et al.,
2001)
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M odel Prediction

f #® Changes in prices of either low or high calorie food T
taken one at a time have a great impact on people’s
eating choices, which is in line with findings of the
experimental economics literature (e.g., French et al.,
2001)

# Changes in prices of low and high calorie food taken
altogether have offsetting effects on people’s eating
habits and thus have little impact on people’s weight.
This result is consistent with findings of the empirical
economics literature (e.g., Chou et al., 2004)
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Compar ative Statics

f # In our baseline calibration, the elasticity of substitution T
between calorie consumption from low and high calorie
food is equal to one (Cobb-Douglas function).
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# We now look at case where low and high calorie food
are complements (where p = —5 and n = 0.2445,
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Compar ative Statics

f # In our baseline calibration, the elasticity of substitution T
between calorie consumption from low and high calorie
food is equal to one (Cobb-Douglas function).

# We now look at case where low and high calorie food
are complements (where p = —5 and n = 0.2445,
11 = 1.9434).

# In addition, we look at case where low and high calorie

food are substitutes (where p = +3 and 1 = 0.6395,
1 = 1.9434).

o |

University of Minnesota, October 2, 2008 — p. 31



-

ComplementsCase, p = —5

Api(T) | Apn(l) | Al
Al* | -8% | 1.21% | -5.81%
Ah* | -3.08 | 355 | 1.18
AW* | -516 | 258 | -1.94

-



Substitutes Case, p = +3
o N

Api(T) | Apn(l) | Al
Al | -27.74% | -9% | -33.88%
AR* | 18.14 | 13.09 | 23.9

AW*| -1.03 | 4.13 | -0.39
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fWhen a IS equal to zero, agents solve a sequence of static T
maximization problems.



Changesin the Survival Probability

fWhen a IS equal to zero, agents solve a sequence of static T
maximization problems.

a=0| Ap(T) | Apnp(l) Al
Al* | -20.61% 0 -20.61%

Ah* 0 19.64 19.64
AW* | -9.03 11.61 2.58
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f # More empirical work is needed to determine whether T
low and high calorie food are complements or
substitutes.
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Future Work

f # More empirical work is needed to determine whether T
low and high calorie food are complements or
substitutes.

#® More theoretical work is needed to understand people’s
eating decisions, including assessing the importance of
time-inconsistent preferences.

Evidence from behavioral and neuroeconomics show
that eating decisions are complex and heavily
Influenced by environmental factors.

o |
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