RAND

Developing Price Series
for Cocaine

Jonathan P. Caulkins

Drug Policy Research Center

T R



The research described in this report was supported by RAND’s Drug Policy
Research Center with funding from The Ford Foundation, and by Carnegie
Mellon University’s Heinz School of Public Policy and Management.

ISBN: 0-8330-1518-4

RAND is a nonprofit institution that seeks to improve public policy through
research and analysis. RAND’s publications do not necessarily reflect the
opinions or policies of its research sponsors.

Published 1994 by RAND
1700 Main Street, P.O. Box 2138, Santa Monica, CA 90407-2138
To obtain information about RAND studies or to order documents,
call Distribution Services, (310) 451-7002



Developing Price Series
for Cocaine

Jonathan P. Caulkins

Drug Policy Research Center
R






iii

Preface

This report describes how time series for the price of cocaine can be constructed
from transaction level data. A key methodological innovation is the treatment of
purity information. The times series obtained are then used to address questions
about the spatial variation in kilogram level prices and the relationship between
kilogram, ounce, and gram level prices. The study should be of interest to
researchers in the drug policy field.

This study was supported by RAND’s Drug Policy Research Center, with
funding from The Ford Foundation, and by Carnegie Mellon University’s Heinz
School of Public Policy and Management.
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Summary

This report describes how to construct time series for the price of cocaine using
data from the Drug Enforcement Administration’s System to Retrieve
Information from Drug Evidence, a database that includes records of prices paid

by undercover agents for individual purchases.

Central to this process is the task of standardizing data for transaction size and
purity. Prior efforts in this area are reviewed and their treatment of purity found
wanting. This report suggests that because quality control is difficult for illicit
products, price is governed more by the expected purity than by the actual purity
of the product. Using this concept, price series are constructed for the gram,
ounce, and kilogram level in a variety of locations. Analysis of these series
reveals that significant price differences exist between cities, even at the
wholesale level; these differences do not necessarily dissipate over time; and the
ratio of prices at different market levels has remained remarkably constant over
time. This last result is consistent with the hypothesis that price increases at one
level are passed through to lower levels on a percentage basis (i.e., according to a
multiplicative model) rather than a dollar-for-dollar basis (i.e., according to an

additive model).
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1. Introduction and Motivation

The distribution, use, and control of illicit drugs in the United States impose
substantial costs on society. Efforts to formulate policies that mitigate these costs
are often hamstrung by inadequate knowledge of the fundamental character of
drug use and drug markets. Part of this relative ignorance is due to the
complexity of the dynamic behaviors involved, but the scarcity of reliable data is

also a culprit.

While reasonably accurate records of arrests and quantities seized are, at least in
principle, available, these data tell more about the government’s response to
drug problems than they do about the problems themselves. Likewise,
substantial investment in monitoring programs has produced surveys such as the
National Household Survey of Drug Abuse and Monitoring the Future! that
track patterns of use, but estimates of the quantity consumed and the amount

spent on drugs are necessarily rough.?

In contrast, relatively good data are available on prices. Government employees,
such as Drug Enforcement Administration (DEA) agents and police narcotics
officers, purchase illicit drugs every day. One cannot know for certain that they
pay market prices, but if the prices they negotiated were noticeably different
from the standard price, the seller would abort the deal; momentary profits
would not likely induce a criminal to wittingly engage in an illicit activity with
someone suspected of being a law enforcement officer.

Furthermore, price data can be particularly valuable because they directly
represent a fundamental characteristic of the markets. They can be used to
evaluate interventions,? analyze alternative policies,* and give early notice of

changes in supply and/or consumption patterns.®

Unfortunately price data have not generally been collected, reported, and
analyzed as effectively as they could be. In particular, the official price

IEbener et al. (1993) catalogs and describes these and other data sources.
2Perhaps the best of these estimates can be found in ONDCP (1991).

3Reuter et al. (1988, Appendix B) provide a rationale for using prices in this way. Also,
Anderberg (1991) discusses several measures of effectiveness for interdiction, including the difference
between export and import prices.

1gee, e.g., Reuter and Kleiman (1986).

SSee, e.g., BOTEC (1991) and Kleiman and Caulkins (1992).



publications are not created with policy analysis or evaluation in mind. Recently,
however, there have been several efforts to remedy this situation, efforts
motivated by applications such as the desire to estimate enforcement’s impact on
consumption (DiNardo, unpublished and 1993), to examine the effect of price on
emergency room and medical examiner mentions of use and use by arrestees
(Hyatt and Rhodes, forthcoming), and to assess the elasticity of retail prices with
respect to import prices (Caulkins, 1990, Chapter 3; Caulkins and Padman, 1991
and 1993).

These efforts have concurred in their treatment of some aspects of the price data,
e.g., using a log-linear adjustment for transaction size, but have come to different
conclusions about how to adjust for purity. This report seeks to resolve this
confusion by suggesting a new approach that distinguishes between the recorded
purity of a sample and the purity that a customer would expect to find in such a
sample. This new approach is then applied to data from the DEA’s System to
Retrieve Information from Drug Evidence (STRIDE), which is described in
Appendix A.

The next section reviews the approaches that have been taken in the past and
makes the case for standardizing prices for their expected pure quantity. Section
3 discusses some of the pragmatic issues associated with generating price series;
specifically, it reviews alternate ways of constructing price series, examines the
STRIDE purity data themselves, and explains how the price series presented in
Appendix C were created. Section 4 uses these price series to examine spatial
variation in kilogram prices and the relationship between kilogram, ounce, and

gram level prices.



2. The Expected Purity Hypothesis (EPH)

This section introduces the notion that it is the expected, rather than the
observed, purity that governs the price of a transaction. The discussion begins by
reviewing alternative methods of handling variations in purity. The competing
alternatives are then applied to STRIDE data. The second subsection describes

how exactly this was done; the third summarizes the results.

Alternative Methods of Adjusting for Purity

Quoting a price for an illicit drug is not entirely straightforward because prices
vary over time, between cities, and even within a single city at one time. One
would like, therefore, to aggregate multiple observations and use some measure

of their central tendency as a representative price.

One should not simply average the observed prices, however, because
transactions vary in quantity and quality (principally purity). The most common
response to this heterogeneity has been to divide observations into categories
based on transaction size and report the average price per unit and average
purity (or sometimes ranges) for each category.! Such categorizations, while
reasonable, have several drawbacks, including the inability to take advantage of
data from intermediate market levels, the inevitable aggregation of observations
whose quantities are not exactly the same, and the suggestions that transactions

occur at discrete market levels when that is not generally the case.

An alternative was pioneered by Brown and Silverman (1974). In their classic
study of retail heroin prices, they proposed the following equation? for

estimating the price of heroin:

P, = eBOQ?lsngiﬂSVi M

1For example, the National Narcotics Intelligence Consumers Committee (NNICC, various
years) and the DEA’s Office of Intelligence (DEA, various years) often report prices at the gram level,
the kilogram level, and sometimes the ounce level.

2The Bo notation has been changed slightly for expository purposes.



where

P, is the price of the ih buy (in dollars),

Q, is the quantity of the ith buy (in grams),
S, is the purity of the ith buy (in percent),
T, is the month of the ith purchase, and

v; is the error term.

The coefficient By can be interpreted as a standardized measure of price. It
allows one to produce a scalar measure of price from observations of various
sizes and purities; this scalar measure can be used for a variety of purposes.
Brown and Silverman, for example, investigated the relationship between the
price of heroin and the incidence of property crime, as did Silverman and Spruill
(1977).

Unfortunately this work was neglected for a considerable time. More recently,
Caulkins and Padman (1991, 1993) applied a similar model to price data from the
Western States Information Network for a variety of drugs for transactions
ranging from retail to low-level wholesale at the state and state-region level.
Their model was also log-linear in size and purity, but it used dummy variables
in the logged equation to allow for geographic variation in price and a more
flexible treatment of time. Independently and simultaneously, DiNardo
(unpublished, 1993) applied a similar approach to the STRIDE data in his studies
of the responsiveness of consumption to enforcement-driven changes in price.

One striking thing about these studies is that they all suggest that price is not
determined by pure quantity alone. Illicit drugs are frequently sold diluted
and/or adulterated.3 Since people buy drugs for their pharmacological effect,
and the drugs themselves are vastly more valuable than the adulterants or
diluents, one might expect that two grams of a drug that was 40 percent pure
would cost about as much as one gram that was 80 percent pure.

The argument can be made from the supplier’s side as well. Since it is easy to
convert 80 percent pure cocaine into 40 percent pure cocaine, if doing so
substantially increased the cocaine’s market value, it is not clear why dealers
would ever sell 80 percent pure cocaine alongside 40 percent pure cocaine.
Cutting cocaine is not costless; one must buy the cutting agent, buy additional
packaging, and expend some labor. But the charge for converting cocaine

3Diluents are pharmacologically inactive substances such as mannitol, sucrose, and starch;
adulterants, such as quinine, procaine, and caffeine, while diluting the principal drug, are themselves
pharmacologically active.



powder into crack is only about 2 percent of the value of the cocaine,* and cutting
cocaine is easier than “cooking” it into crack. Likewise, since criminal sanctions
are based on the raw, not pure, quantity possessed at the time of arrest, dealers
incur greater risks per pure gram when they sell diluted drugs. The increment in
risk is modest, however.5 These arguments suggest that while doubling purity
might not exactly double price, the price increase would be almost that great.

Nevertheless, all the studies mentioned above suggest that the market commands
only a slight premium for higher-purity drugs. In other words, the premiums
estimated were nowhere near “complete” in the sense that predicting prices

based on pure quantity places too much emphasis on purity.

To some, these results were so counterintuitive that other studies ignored them
and simply assumed that pure quantity (i.e., raw quantity times purity) was all
that mattered (e.g., Rhodes and Hyatt, 1992). They estimated a price series for
illicit drugs based on the price per pure gram, even though one can fit the data
better by ignoring purity altogether than one can by measuring prices in terms of

price paid per pure gram.

One possible resolution to this conundrum is that it is the expected purity, not the
actual purity, that (along with transaction size) governs price. A moment’s
reflection about the nature of illicit drug transactions suggests why this might be

SO.

Consider the following facts. First, the purity observed in drug transactions is
highly variable, even within a single city and at one time. Second, customers in
illicit drug transactions rarely have the opportunity or means to quantitatively
assay the quality of the product. Third, drug agents rarely have long-standing
relations with their suppliers; after one or a few transactions, an arrest is usually

made.

Hence, the business relationship that results in a STRIDE observation rarely lasts
long enough for statements about the quality of the product to be trustworthy.
That is, even if the seller knows the purity of the product, he or she cannot

4 According to Carlson and Siegal (1991, p. 12), “One cooker claimed he normally charged a
person a $50 piece of crack to rock up an ounce of cocaine.” Since a $50 rock is not usually larger than
one-half gram, this suggests that the conversion costs are not more than 2 percent of the cocaine’s
value.

SFor example, the federal sentencing commission’s recommended prison term for possession of
a kilogram (1,000 grams) is less than five times as long as the punishment for possessing one gram
(United States Sentencing Commission, 1988); a thousand-fold increase in quantity leads to less than a
five-fold increase in recommended sentence length. No distinction whatsoever is made between
possessing one gram or two.



communicate that information to the customer in a credible manner. Thus, the
true purity of the sample is not known to the customer.

The buyer does, however, have some expectation of what the purity might be,
based on observations of other transactions of roughly the same size occurring in
the same area in the recent past. Hence, it is at least plausible that price is more
closely related to expectations about purity than it is to the actual recorded
purity. This hypothesis, which is referred to as the “expected purity hypothesis”
(EPH), is difficult to test formally with available data, but one can apply models
based on the various theories about purity to STRIDE data and draw inferences

about which theory is most reasonable.

Applying Alternative Purity Models to STRIDE Data

Four procedures one might use to construct price series from STRIDE data are
compared. Since the log-linear model of quantity discounts is generally
accepted, all four regress log price on log quantity. The methods differ, however,
in whether and how purity is incorporated.

The variations compared are (1) regressing log price on log quantity and ignoring
purity altogether (a surprisingly strong straw man); (2) treating purity with a log-
linear model in the spirit of Brown and Silverman (1974), Caulkins and Padman
(1991, 1993), and DiNardo (unpublished, 1993); (3) regressing log price on log
pure quantity as in Rhodes and Hyatt (1992);6 and (4) regressing log price on log
expected pure quantity, with the expected purity computed in a very simple
manner. Note that none of these regressions estimates a demand curve; the
independent variables include measures of transaction size or quantity, not the
market clearing quantity. Rather, they should be interpreted in the spirit of
hedonic price regressions where transaction size is an attribute.

Four criteria are used to evaluate these compared methods. The first is simply
how well they fit the STRIDE data. The second is the extent to which the price
series produced conform to the conventional wisdom that cocaine prices fell
steeply during the 1980s. The third is whether or not pure quantity is what
determines price. As explained above, if the quality premiums are not
“complete,” then since the drugs are much more valuable than any diluents or
adulterants, there would exist an opportunity to profit by arbitrage. It seems
implausible that such opportunities would exist over a decade or more; therefore,

6Rhodes and Hyatt actually regress log price per pure gram on log pure quantity. But the
variant considered here produces the same time series, and using the same dependent variable in all
four models facilitates comparisons.



any model that suggests that they do must be regarded with skepticism. Finally,
one can check whether or not the estimated coefficients’ values are plausible.

The four regressions can be run with data from one city, several cities (e.g., by
including dummy variables to allow for price differences among cities), or by
pooling data from the entire country. Fortunately the results are similar in any

case.

An argument can be made for using data from just one city because price and

purity can vary across cities. It is somewhat misleading, therefore, to speak of a
single price series for the entire country, and there is the possibility of bias if the
distribution of observations across cities varies over time. Furthermore, there is
no guarantee that the price differential across cities has remained constant over

time.

Nevertheless, the models are applied to data from throughout the Continental
United States for several reasons. First, the goal here is only to compare the
methods; the actual price series analyzed below will acknowledge local variation.
Second, there is simply much more data at the national level. Finally, given the
existence of regional variations, it is important to ensure that the apparent
success of a method is not determined by the idiosyncratic conditions of a

particular city.

The remaining question is what range of transaction sizes should be included in
the regressions. One possibility is to use all of the data since, by their very
nature, the methods can standardize for transaction size. This cavalier approach
is imprudent, however, given Caulkins and Padman’s (1993) finding that the 3,
exponent for transaction size can vary (albeit weakly) with transaction size.
Furthermore, this would force prices at different market levels to be proportional
to each other, and one reason for constructing price series is to compare price
movements at different market levels. (See Section 4.)

Therefore, separate regressions will be run with gram and kilogram data.
Specifically, transactions of between 0.1 and 4.0 grams are considered to be gram
level. (The upper limit is set to include “eight balls,” or one-eighth ounce
purchases.) Kilogram level transactions are those between 0.1 and 10 kilograms,
but observations in the upper end of this range are rare. So defined, there were
14,126 gram and 3,263 kilogram level cocaine purchases for 1977-1991 that were
not outliers (as defined in Appendix A) and had positive purity. Zero purity
observations were omitted because regressing on log pure quantity would
require taking the log of 0 for these observations. The results for the other three
methods are robust with respect to the inclusion or exclusion of the zero purity

observations.



Discussion of Results

The first method, simply regressing log price on log (raw) quantity, is intended to
be a foil against which other methods can be compared. It fits the data well (e.g.,
R? of 0.797 for gram and 0.784 for kilogram level observations), but the estimated
dummy coefficients for time (not reported in Table 1, but used to generate Figure
1) do not conform to conventional wisdom about cocaine prices. This is not
surprising, though, because much of the effective decline in price at the gram
level occurred through increasing purity rather than falling prices per raw gram.

What is surprising is that adding log purity as an explanatory variable (model
no. 2, Table 1) does not appreciably improve the fit.”7 The coefficient estimated
for log purity is highly significant because so many data points are used, but its
magnitude is very small (0.093 for gram and 0.055 for kilogram level
observations). (See Table 1.) If the quality premiums were “complete” in the
sense that pure quantity determined price, then this coefficient should equal

Table 1

Comparison of Fit Obtained with Various Methods

Model Model Model Model
No. 1 No. 2 No. 3 No. 4
Gram
R2 0.797 0.800 0.681 0.797
Root MSE? 0.460 0.457 0.577 0.460
B, (intercept) 4.600%% 4.629%* 4.662%% 4793+
B, (coeff on log Q) 0.804*** 0.807*** 0.653*** 0.804***
B, (coeff on log purity) 0.093***
Kilogram
R? 0.784 0.785 0.704 0.784
Root MSE 0.365 0.365 0.428 0.365
B (intercept) 45875 46224 5.507%* 4,803+
B, (coeff on log Q) 0.771%% 0.768* 0.643%** 0.771+*
B, (coeff on log purity) 0.055*

FAA

significant at the 0.0001 level.
significant at the 0.01 level.

aMean squared error.

b model no. 3 log quantity is understood to be log pure quantity, and in model no. 4 tobe
log expected pure quantity.

*

7One obtains very similar results if purity itself, instead of log purity, is used as an explanatory
variable.
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the coefficient for log quantity (0.804 for gram and 0.771 for kilogram level
observations), but it is not even close. This finding is similar to that of DiNardo,
who also used STRIDE, and Caulkins and Padman, who used Western States
Information Network (WSIN) data.

As discussed in the introduction, there are several reasons why the purity
adjustment might be slightly less than “complete.” Nevertheless, it is hard to
believe that these factors are sufficient to explain the very low magnitudes
obtained here. The coefficient of 0.093 implies that a 95 percent purity sample
would cost only 30 percent more than a 5 percent purity sample of similar size,
even though the first sample contained 19 times as much cocaine. A coefficient
of 0.055 makes even less sense; it implies that one would pay only 15-20 percent

more for 19 times as much cocaine.

To put it another way, this model implies that once one has considered
transaction size, knowing the purity of an observation gives very little additional
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information about the price paid.8 As a result, the gram level time series
estimated in this manner is very similar to that estimated by regressing on log
quantity alone; it does not reflect the collapse in prices in the mid-1980s. (See
Figure 1.)

If one simply assumes that pure quantity is all that matters (model no. 3),itis
possible to find the collapse in prices one expects. In particular, regressing log
price on log pure quantity yields one of the two upper curves in Figure 1.
Unfortunately, as one would expect given the results of the regressions just
described, the fit to the data is substantially worse (0.681 for gram and 0.704 for

kilogram level observations).

Furthermore, the estimated coefficient for log pure quantity is implausibly small.
The coefficient estimated at the gram level was 0.65; at the kilogram level it was
0.64. Assume, conservatively, that the coefficient’s average value is 0.65 between
the 1 gram and 1 kilogram level.? This implies that if a pure gram costs $100
(which all four methods suggest was roughly correct in 1991), then a pure
kilogram would cost 100 x (1,000)°%° = $8,900, which is not at all what is
observed. In contrast, all three of the other methods estimate coefficients of
about 0.80 at the gram level and 0.77 at the kilogram level. Suppose that 0.79

is a fair representation of that coefficient’s value between 1 gram and 1 kilogram.
Then, if one pure gram cost $100, one pure kilogram would cost about

100 x (1,000)079 = $23,400, which falls within the range observed by the DEA and
reported in STRIDE.

Another way of showing that the 0.65 coefficient estimate based on actual
purities is too low is to consider the interpretation of this coefficient (B)
provided by Caulkins and Padman (1991):

in (¢) @
where

= the ratio of the price at one level to the price at the previous level as one
moves down the domestic distribution network {e.g., & = 2 implies that the

8Since purity generally increases with transaction size, this absence of an effect might be
partially due to collinearity. Variation in log quantity, however, explains less than 3 percent of the
variation in log purity, so this is unlikely to be the entire explanation.

9n principle it would be possible for the coefficient for quantities between the kilogram and
gram level to be larger than the value at either market level, thereby invalidating the following
argument. Empirically, however, this is not what is observed.
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price per gram doubles at each level or, equivalently, there is a 100 percent

markup) and

¢ = the branching factor as one moves one level down the domestic
distribution network (i.e., a mid-level dealer breaks his or her purchases
up into ¢ units before reselling them).

If the markup at each level is between 50 percent and 100 percent (i.e., d € [1.5,
2.0]), then B coefficients of 0.64 and 0.65 imply a branching factor (¢) of only 3 to
7. In contrast, values of the B; coefficient estimated by the other methods imply
more realistic and less restrictive ranges for the branching factor. Specifically, the
value of By = 0.80 for the gram level implies a branching factor (¢) in the range of
8 to 32, and a value of 1 = 0.77 at the kilogram level implies a branching factor in
the range of 6 to 20.

There is a simple explanation for why the coefficient estimated by regressing log
price on log pure quantity is too small: Purity recorded in STRIDE may be an
imperfect, noisy measure of the purity that actually determines price. If so, then
regressing log price on log pure quantity leads to biased coefficients because the
independent variable (log pure quantity) is measured with error. This will tend
to smear the data and flatten the line fit to those data, leading to a lower estimate

of the slope, i.e., of the coefficient for log pure quantity.

This error between the purity that determines price and the purity that STRIDE
records can come from two sources: (1) differences between the purity that
determines price and the actual purity, which is the expected purity hypothesis
and (2) differences between the actual purity and what is recorded in STRIDE,
which is conventional measurement error. The first type of error can arise
because purity varies from transaction to transaction, the seller cannot credibly
warranty purity, and the buyer cannot assay purity before the purchase is
completed. The second type of error can arise because of transcription or data
entry errors, laboratory errors, and/or analyzing only portions of a sample
whose purity is heterogeneous; all of these second types of error are aggravated
by the fact that the parties involved do not have a strong interest in the integrity
of the purity data.

These two sources of error are indistinguishable in the data available. My
intuition is that the first is the more significant, so the first is the focus of the
discussion below, but the reader can draw his or her own conclusions.

Evidence supporting the belief that one or both of these sources of error are
operative can be obtained by running a two-stage least squares (25LS) regression.
To see this, first consider the ordinary least squares (OLS) regression:
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log P=XB+log Sy+e (3)
where
S is purity,
P is price, and

X is a vector of explanatory variables including the log of transaction size
(quantity), dummy variables for location, and dummy variables for year.

The coefficients estimated by this regression (B and y) will be biased if purity is
measured with error; in particular, one would expect y to be underestimated.
Suppose, however, one estimates log purity endogenously using the interactions
between the location and time dummy variables as instruments. Then the price

relation can be estimated with the following 2SLS regression:

log S=Za+¢g (4a)
logP=XB+log Sy+¢, (4b)

where

Z is X augmented by interaction terms between the dummy variables for location

and year.

Table 2 compares the results of the OLS and 2SLS price regressions for various
weight ranges and levels of geographic aggregation. In every case, the coefficient
on log purity is higher with 25SLS, and the differences are significant at least at
the 0.001 level by a Hausman test. If there were no error in the purity variable,

one would expect no change in these coefficients.

One must interpret these results with caution, however, because the instruments
(namely, the interaction between location and year) are not particularly strong
ones in two respects. First, even with the instruments, much of the variation in
log purity remains unexplained, so there may still be some error in the
endogenously estimated purities. Since these estimated purities are only weakly
correlated with the other variables in the price regression, this residual error
would have its greatest effect on the coefficient of log purity, as is suggested by
the extent to which it depends on the specific set of observations used. However,
strictly speaking, none of the coefficients in the price regression can be assumed
to be unbiased, so estimating price series directly from these regressions may not
be the best approach. Second, it is possible that the interaction terms could help
explain log price directly, not just through the log purity term. The consistent
and sizable change in the coefficients of log purity do, however, suggest that
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Table 2
Results of OLS and 2SLS Price Regressions

Number of

Observations Used Observations OLS 2SLS
10 states,? all weights 23,327

R2 0.962 0.954

log quantity 0.788 (0.001) 0.782 (0.001)

log purity 0.112  (0.005) 0.470 (0.016)
10 states,? 0.1 < x <4 gm 10,782

R? 0.814 0.800

log quantity 0.730  (0.005) 0.741  (0.005)

log purity 0.109  (0.008) 0.350  (0.026)
10 states,? 100 < x < 10,000 gm 2,073

R? 0.809 0.805

log quantity 0.781 (0.009) 0.773  (0.010)

log purity 0.064 (0.021) 0.228  (0.065)
10 cities,P all weights 11,456

R? 0.941 0.940

log quantity 0.780 (0.002) 0.777  (0.002)

log purity 0.105 (0.007) 0201  (0.026)

NOTE: Standard errors for estimated coefficients are in parentheses.

aThe 10 states are California, Florida, Georgia, Illinois, Missouri, New York, Ohio, Pennsylvania,
Texas, and Washington, D.C.

bThe 10 cities are Baltimore; Chicago; Denver; Detroit; Melville, N.Y.; New Orleans; New York;
Philadelphia; San Diego/San Ysidro; and Washington, D.C.

there is some error in the purity variable and, therefore, that regressing directly
on purity in the fashion of either model no. 2 or model no. 3 is suspect.

To summarize, a simple log linear model of price versus transaction size fits the
STRIDE data well, but the resulting time series conflict with conventional
wisdom because they ignore changes in purity. Simply adding purity to the
regressions, however, makes almost no difference. Once one has controlled for
transaction size, knowing the purity of an individual observation gives very little
additional information about its price. Regressing log price on log pure quantity
gives a believable price series, but it does not fit the data as well and produces
implausible estimates for the coefficient of log quantity.

This evidence, along with the results of the 2SLS regression, suggests that
purities recorded in STRIDE differ from those that determine price. The
existence of such a discrepancy would explain why adding log purity to the price
regression (model no. 2) does so little to improve the fit. Likewise, one would
expect regressing log price on log pure quantity (model no. 3) to yield a weaker
fit and a coefficient estimate that is biased downward because the discrepancies
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introduce noise into the independent variable. Furthermore, as long as the
discrepancies have zero mean, one would expect regressing log price on log pure
quantity to produce roughly the right price trend because the recorded purity is
as likely to be greater than the expected purity as it is to be lower.

The hypothesis that expected purity, not the purity recorded by STRIDE, governs
price is also supported by the last model. (See Table 1.) In this case, expected
purity is taken to be simply the average purity observed in that year for that class
of transaction (gram or kilogram level). Hence, the fit is identical to that of the
first model; the only effect is to change the dummy coefficients estimated for
time. But, as can be seen from Figure 1, this change produces a price series that
mimics the one produced by regressing on pure quantity; i.e., it produces a

believable price series.

This section has certainly not proved the expected purity hypothesis, i.e., that
expected pure quantity is what governs the price of a transaction. Indeed, it
could not, for no data exist on buyer’s expectations. Nevertheless, the other three
models considered are all rather grossly incompatible with the data, common
sense, or both. In contrast, the expected purity mode! fits the data well and
produces reasonable estimates both for dummy coefficients for time (ie., the
price series) and the coefficient of log quantity (i.e., of the extent of quantity
discounts). Hence, this report will construct price series based on the concept of
expected purity. There are, however, still a number of issues related to the
construction of price series that remain to be discussed. These are taken up in the

next section.
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3. Constructing Price Series Based
on the EPH

Deciding to apply the expected purity hypothesis (EPH) by no means completely
specifies how one constructs price series. One must still decide which of several
broad methods will be used, choose a proxy for expected purity, and resolve
practical issues such as determining which observations to use.

Methods of Constructing Price Series

The substantial quantity discounts that exist for illicit drugs preclude directly
comparing observations taken from different market levels, but there are ways of
circumventing this incommensurability to create price series. This subsection
reviews several of these methods and explains how the concept of expected
purity can be incorporated into each. It also comments briefly on some of their

advantages and disadvantages.

The first method, aggregating observations of similar size, is the traditional
approach. Its principal advantage is its simplicity, but it also has a number of
serious drawbacks. The second, regression, makes better use of the data but
requires some advanced knowledge about the price series one is trying to
determine. The third, standardizing individual observations, also uses the data
efficiently and is more flexible. The fourth, adjusting for the distribution of retail
purchase sizes, highlights the difference between a price index and the average

price a consumer pays.

Aggregating Observations of Similar Size

The most straightforward way to find the price at a particular market level is to
average the prices of observations taken at or near that level. This method has
been used by the DEA, NNICC, WSIN, and Maryland State Police, among others.

For this method, the primary implication of the expected purity hypothesis is
that the pure price, i.e., the price per pure gram, should be estimated by the
average price divided by the average purity; it should not be estimated by
finding the average of the individual observations’ price divided by their purity.
(It is understood throughout this discussion that other measures of central
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tendency, such as the median or trimmed mean, may be used instead of, and

may be more robust than, the simple average.)

To illustrate the difference, suppose that all one-gram purchases cost $100, but
the cocaine was equally likely to be 20 percent, 50 percent, or 80 percent pure.
Over a large number of purchases, the average yield is one-half gram of pure
cocaine per $100 purchase, so the price per pure gram, in aggregate, is $200. That
is also the figure one obtains by dividing the average price by the average purity.

Averaging the price per pure gram of individual transactions, however, produces

a different, larger number:

1§00 1. $100 1 $100

=X = =$275/ pure gram.
37 02grams 3 O05grams 3 0.8 grams /pure gram

If one believes that it is actual purity that governs price, then one has to believe
that buyers willingly and knowingly pay exorbitant prices for their low purity
purchases. Thus, the average price appears to be higher than it would to an
“objective” observer who views each purchase as a lottery. Under the expected
purity view, the customer pays $100 and then “rolls the dice.” Sometimes the
customer is lucky and receives a “good bag.” Sometimes the customer gets

“ripped off.”

No matter which average one uses, the overall approach is problematic because
drugs are not always sold in standard transaction sizes. As aresult, one is
confronted with an unappealing trade-off. If one restricts attention to
observations that are quite close to the nominal amount, most of the data are
discarded. But the broader the range of transaction sizes included, the greater

the extent to which one is averaging unlike objects.

Suppose, for example, one used data that are within 25 percent of one gram, one
ounce, and one kilogram to estimate gram, ounce, and kilogram prices,
respectively. These ranges might seem narrow; indeed, they exclude almost 70
percent of the cocaine data in STRIDE. Nevertheless, they still involve
aggregating observations whose prices per unit differ by almost 50 percent.!

The cost of discarding data can be illustrated by considering how it affects one’s
ability to accurately estimate prices. The price paid for a given quantity is
roughly normally distributed (BOTEC, 1993), and, once outliers have been

LThe ratio of sizes 25 percent above to 25 percent below is (1 +0.25)/(1 - 0.25) = 1.667, and
1.667P ranges from 1.47 to 1.50 as §§ varies from 0.75 to 0.80.
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eliminated, the coefficients of variation are typically between 0.1 and 0.2. Hence,
one can compute the relation between the number of observations and the width
of a confidence interval for the mean price of that quantity. (See Table 3.) Not
surprisingly, more precise estimates can be made by averaging 20 to 30
observations than by averaging 5 observations. Unfortunately, the latter is much
more typical. For example, New York City averaged fewer than five STRIDE
purchase observations per year of between 0.75 and 1.25 grams during the 1977-
1991 period.

An alternative to estimating prices by comparing observations of similar weight
is to ask how much a given dollar amount buys. Unfortunately, STRIDE also
does not typically have enough data to make this approach effective. The most
common purchase price in New York City is $100; yet on average there were only

five or six $100 purchase observations per year between 1977 and 1991.

Hence, it is desirable to construct price series in a manner that incorporates the
log-linear adjustment for transaction size so that one can use more of the data.
Both of the next two methods do just that.

Regression

Another way to construct price series is to regress price (or more commonly log
price) on a variety of regressors including variables related to time. The
coefficients estimated for the time variables can then be used to construct price
series. This method was demonstrated in Section 2 and has been used by
Caulkins and Padman (1991, 1993), DiNardo (unpublished, 1993), Hyatt and
Rhodes (forthcoming), and Rhodes and Hyatt (1992).

Table 3

Width of Confidence Intervals for Mean Price at a Particular Transaction Size as a
Percentage of Sample Mean

Coefficient of Variable =0.1 Coefficient of Variable = 0.2
Number of 90% Confidence 95% Confidence 90% Confidence 95% Confidence
Data Points Interval Interval Interval Interval
5 +/-9.5% +/-12.4% +/-19.1% +/-24.8%
10 5.8% 7.2% 11.6% 14.3%
15 4.5% 5.5% 9.1% 11.1%
20 3.9% 4.7% 7.7% 9.4%
25 3.4% 4.1% 6.8% 8.3%

30 3.1% 3.7% 6.2% 7.5%
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The main implication of the expected purity hypothesis for estimating price
series by regression is that the list of regressors should include the observations’
expected pure quantity (or log expected pure quantity) rather than their pure
quantity (or log pure quantity). That is, one needs to estimate the expected
purity for each individual observation.

One way to do this is to assign the same expected purity to all observations in a
rather broad class, as was done in Section 2. This is computationally simple, but
it makes relatively inefficient use of the data. For example, one might proxy
expected purity of gram level observations in Dallas in 1991 by the median of all
0.1-4 gram purchase observations in Dallas in that year. The number of such
observations is not large, however, and “neighboring” observations may also
contain relevant information. For example, one might wish to draw information
from similar-size purchase observations from Dallas in late 1990, slightly larger
or smaller observations in Dallas in 1991, and perhaps even similar-size
observations in Ft. Worth in 1991.

There are at least two ways to draw on information from “neighboring”
observations. As illustrated above, one is through 2SLS regression, with purity
or log purity as an endogenous variable. This approach is limited by a lack of
good instrumental variables; most variables that affect purity also affect price.
An alternative, smoothing, is discussed later in this section.

Although it is not difficult to incorporate the concept of expected purity into the
regression approach to constructing price series, the regression approach itself
can be problematic. The difficulty is that the decision about how one
incorporates time into the regression can influence the price series obtained.
Dividing time into discrete time periods, e.g., by calendar year and using dummy
variables for each time period, masks trends over intervals shorter than one time
period. Furthermore, if prices are correlated over time, it discards information
available from adjoining time periods. On the other hand, if price is modeled as
varying continuously with time according to some prespecified, parameterized
relation, then there is always the danger of imposing structure on the data that is

not really there.

Also, one must be careful about outliers. STRIDE contains many outliers, and a
single outlier affects the estimates of all of the regression coefficients used to
construct the time series. In effect, one would prefer to use a “median” rather
than a “mean” to dilute the effect of outliers. Finally, confidence bands can be
computed, but they depend on assumptions about the distribution of errors that

may or may not hold.
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This should by no means be interpreted as saying that regression is never
appropriate. Rather, these criticisms serve as an introduction to the next method
of constructing price series, which avoids some of these problems and, in some
cases, amounts to analyzing the residuals of a simpler regression.

Standardizing Individual Price Observations

Quantity discounts and variations in purity make it difficult to monitor prices
because they prevent the direct comparison of different price observations.
Comparing 1 and 10 gram purchases is like comparing apples and oranges.
What one would really like, then, is a way to convert apples into oranges and
vice versa. Fortunately, in this context such conversions are possible, and having
standardized the prices of individual transactions, one can then apply any of the
myriad of statistical methods that have been developed to analyze time series

and panel data.

The basic approach is simple. First one posits some relationship between an
observation’s price and the variables for which one wants to standardize

(principally transaction size). This can be expressed as:

P, = f(X;), 5)
where
P, = price paid for the ith purchase,
X; = vector of observation i’s values of all relevant variables,
f() = functional relationship posited between variables, and
o = proportionality constant.

Then, if Xg denotes the description of the standard reference purchase (e.g., one
pure gram purchased in New York City), the standardized price of observation i,
P.

. is:

p, - o), ©)

The implication of the expected purity hypothesis for this method is simply that
the vector of relevant variables, X, should include the observation’s expected,

rather than actual, purity.



20

For some functional relationships, f(), this procedure effectively regresses price
on the vector X. The residual is then taken as the standardized price. This
procedure “subtracts out” the contribution of the variables that are of no interest
(i.e., the variables for which price is standardized) allowing one to focus on the
relationship between the standardized prices and other explanatory variables

(such as time or location).

Standardizing individual price observations offers distinct advantages; the
greatest of these is flexibility. Once the individual observations have been
standardized, the price data can be analyzed just like any other cross-sectional
time series. For instance, they can be plotted against time; there is often no better
way to develop intuition about price trends than to simply plot the standardized
data and, perhaps, pass splines through them. Likewise, one can easily apply
methods that are robust with respect to outliers. For example, one can use the
median of the individual, standardized prices as a measure of the central
tendency and the interquartile range as a measure of the location and range of
the bulk of the data. One can also use tests based on order statistics to examine
the significance of price changes and conventional forecasting techniques to
predict future prices.

Because of the flexibility of standardizing individual observations and because it
is less well known, it will be used to develop the price series in the sequel. Before
turning to that application, however, the next subsection seeks to shed light on

the meaning of the price series.

Adjusting for the Distribution of Retail Purchase Sizes

It is customary in many fields to base price series on some benchmark item. An
example from licit commerce is the price of a barrel of West Texas intermediate
crude. The methods discussed above all have this objective; they seek to give the

price of a standard unit of cocaine.

Drug users do not, however, purchase only in standard units any more than
refineries use only West Texas intermediate crude. Rather, users typically buy a
“market basket” of different quantities. This subsection discusses how one can

adjust prices to consider this fact.2

The concept of a “market basket” is easiest to imagine for commodities such as
groceries. Rather than keeping track of the inflation rate separately for milk,

2Caulkins and Yuan (1993) give a further discussion and application of these ideas.
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eggs, bread, etc., a representative market basket is constructed, and the price of
that basket of goods is observed over time.

In the present context the products purchased are not as different as milk and
eggs. They are cocaine purchased in one-quarter gram bags, cocaine purchased
in one gram bags, and so on. Nevertheless, even though the chemical is the same
in every case, these purchases can be thought of as different products, although
their prices are related. There is value added by the dealers who break the
cocaine down into smaller quantities. So cocaine sold in one-quarter gram
quantities has been “processed” more than cocaine sold in grams.

This concept is best illustrated by example. Suppose a bag containing one (pure)
gram of cocaine cost $100, and a bag containing one-quarter (pure) gram cost $33
=100 x (0.25)98. Now imagine a user who purchases 10 one-quarter gram bags
and 3 one-gram bags per week. What is the price of cocaine? One answer is
simply, $100 for a standard one-gram bag. But this user pays 10 x $33 + 3 x $100
= $630 each week for 5.5 pure grams. So, one might say that the price to that user
was $630/5.5 = $115/pure gram.

More generally, let f(w) denote the distribution of quantities purchased and p(w)
denote the cost of buying w units. Then the average price paid per gram is

@)

This adjustment can be applied to any price estimate that yields an expression for
p(w), provided that one knows the distribution of purchase sizes f(w). Generally
it is difficult to ascertain f(w). One cannot, for example, use the distribution of
purchase sizes in STRIDE, because the distribution of enforcement purchases
need bear no particular relation to the distribution of consumer’s purchases. The
question remains, however, as to when one would want to make such an
adjustment.

Prices per standardized gram are useful for tracking overall market conditions,
but if one is interested in converting from the amount spent on a drug to the
quantity purchased, or vice versa, then the average price p should be used. To
see why, return to the example above. The average price P is, by definition, the
ratio of the amount spent to the quantity purchased. The standardized price per
pure gram equals this ratio only if the distribution of purchase sizes is ofa
particular form, e.g., if all purchases are of exactly one gram.
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The goal of this report is to produce price series that track overall market
conditions so that prices will not be adjusted for the distribution of purchase
sizes. Nevertheless, it is hoped that this subsection helps clarify how the price
series that will be produced should be interpreted. They should not be used to
convert from estimates of the quantity consumed to the amount spent.

Finding a Proxy for Expected Purity from STRIDE Data

As Section 2 demonstrated, adjusting for purity can substantially influence price
series, so it is worth pausing to examine the purity data themselves. The insights
obtained are relevant for any form of purity adjustment, but they are motivated
here by the practical need to find a proxy for expected purity. The focus is on
STRIDE purity data because the expectations that are relevant to the creation of
price series from STRIDE are those of the enforcement agents who make the
purchases, and their knowledge of purities is at least partially embodied in
STRIDE. This subsection begins by addressing the issue of zero purity
observations. It then goes on to describe the extent of variability in purity and
ways of dealing with that variability.

How to Handle Zero Purity Observations

STRIDE contains many zero purity observations, and the decision to include or
exclude these observations can have a substantial impact. For example, Table 4
shows how excluding zero purity observations affects the average purity of

cocaine purchase and seizure observations from New York City in 1980.

There are zero purity observations in all but the largest weight class, but most are
for quantities less than or equal to 0.1 grams. Furthermore, most observations of
less than 0.1 gram have zero purity. Table 5 shows that this phenomenon is not
particular to New York City in 1980, or to seizure observations. It may be that

Table 4
Effect of Omitting Zero Purity Observations in Cocaine Data from
New York City in 1980
All Observatjons Observations with Positive Purity
No. of No. of
Weight Range Observations Mean Observations Mean
<lgm 162 15.7 63 403
1-9.99 gm 92 46.9 90 48.0
10-99.99 gm 160 50.4 159 50.8

100+ gm 102 56.9 102 56.9
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Table 5
Cocaine Purchase Observations in STRIDE, 1977-1991

Weight Range Zero Purity Positive Purity Total % Zero Purity
Weight <0.1 gm 388 915 1303 29.8
Weight=0.1 gm 12 79 91 13.2
Weight>0.1gm 779 43,715 44,494 1.8

these very small observations represent trace findings or residues and that the
samples are too small to be properly assayed in the lab. Hence, in the remainder
of this section and in the price series estimations that follow, observations of less

than or equal to 0.1 gram are omitted.

The question remains, however, of how to interpret zero purity observations for
larger quantities. One might dismiss them on the assumption that a quantitative
assay could not or was not performed (i.e., missing observations were recorded
as zero), but there are a handful of nonzero purities that are less than 1 percent,
so very low purity samples do, in fact, exist. On the other hand, the pattern of
zero purity observations suggests, however, that not all are accurate reflections of
the true purity. Specifically, zero purity observations for larger transactions
appear to be more common when average purities are high. For example, for
observations of a gram or more in New York City in 1987, fully 109 of the 597
seizure observations had a zero purity. Only three other observations had
purities of less than 30 percent, and the vast majority of the nonzero purity
observations had purities above 75 percent. Since less than 2 percent of these
larger observations have zero purity, it is possible to assign them an expected
purity based on data from the other observations and include them in the price
series estimations below. They are excluded, however, from the calculations in

the remainder of this section.

Variation in Purity of Similar Observations

Even when the very low weight and zero purity observations are omitted, purity
varies considerably, even within a single city and in a single year. The extent of
this variation is not always appreciated because tables that give the average
purity for various quantity ranges, such as Table 4, show a regular progression of
increasing purity with increasing transaction size. Augmenting such tables with
the minima and maxima, producing scatter plots of purity versus quantity
(Figure 2), and simply examining some of the raw data (Table 6) restore a sense
of the variation. It is important to recognize this extreme variation because it has

implications for the expected purity approach.
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Figure 2—Purity of Cocaine Observations, New York City in 1980

Table 7 gives another perspective on the amount of variability in the purity data.
It shows for both gram and kilogram level observations, the average, standard
deviation, and coefficient of variation of purity over time for one city, 10 large
cities,3 and the Continental United States. The relatively large coefficients of
variation imply that one needs a large number of data points to obtain a
reasonably precise estimate of the average purity in a particular location and at a
particular time, more than is typically available for smaller cities or even large
cities for short time intervals. Hence, the simple approach of approximating
expected purity by a measure of the central tendency is unlikely to be satisfactory
unless one pools data across cities. Since there can be systematic differences in
purity across cities, such pooling, depending on the context, may be ill-advised.

The next subsection discusses two alternatives.

3The 10 cities are Atlanta, Chicago, Detroit, Los Angeles, Miami, New York, Philadelphia, San
Diego/San Ysidro, San Francisco, and Washington, D.C.
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Table 6

Some Cocaine Observations for New York City
in June 1980

Day of Month Weight (gm) Purity (%)

8 0.40 19.7
8 0.45 60.1
24 48.85 71.0
24 48.96 22.2
17 247.16 96.1
17 247.56 321
4 253.46 81.3
4 261.46 61.8
4 545.45 0.3
4 991.85 85.0
4 999.25 68.6
Table 7

Retail and Wholesale Purities in Selected Locations

Gram level (0.1-4 gm) 1980 1982 1984 1986 1988 1990
San Diego Mean 515 62.3 69.4 829 86.9 81.3
Std. dev. 249 24.0 22.6 16.4 13.1 22.6

Coeff. of var. 0.48 0.38 0.33 0.20 0.15 0.28
10 big cities Mean 498 592 66.6 78.1 81.3 71.9
Std. dev. 269 273 25.7 20.7 18.6 24.1

Coeff. of var. 0.54 0.46 0.39 027 0.23 0.34
Continental Mean 512 520 57.6 63.5 77.8 70.0
United States Std. dev. 266 284 27.9 27.3 21.4 23.0

Coeff. of var. 052 055 0.48 043 027 033
Kg Level (100-10,000 gm) 1980 1982 1984 1986 1988 1990
New York City Mean 56.9 70.0 849 86.3 85.9 71.4
Std. dev. 262 244 149 127 10.7 234

Coeff. of var. 0.46 0.35 0.18 0.15 0.12 0.33
10 big cities Mean 720 814 845 852 844 741
Std. dev. 22.5 17.5 16.2 13.5 13.3 20.9

Coeff. of var. 0.31 0.22 0.19 0.16 0.16 0.28
Continental Mean 69.5 809 83.6 84.3 84.3 71.3
United States Std. dev. 231 176 163 144 139 229

Coeff. of var. 033 022 0.20 0.17 016 032
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Compensating for Extreme Variability in Purity

Purity at any particular time, location, and transaction size is highly variable, but
purity varies relatively slowly over time, between locations, and across
transaction size. Hence, one might be able to obtain better estimates of the
average purity at a given place, time, and market level by borrowing information
from “neighboring” points, even though their mean may be slightly different,
than one would by using just the relatively few data points available for the
place, time, and transaction size of interest.

One way to accomplish this is by smoothing the data over one or more
dimensions. One might, for example, sort the observations by size and then
compute the average of the purity of an observation, the next 40 smaller
observations, and the next 40 larger observations. This average of 81
observations could be used as a representation of a typical purity at that
transaction size. Figure 3 shows such a plot for New York City seizure data from
1977, 1980, and 1983. Tt is much less chaotic than Figure 2 and shows that purity
increased in New York City over that time period.
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Likewise Figure 4 plots the smoothed purity for both New York City and San
Diego/San Ysidro in 1980. It shows that purity can vary by location. Both
figures suggest that purity increases with transaction size, a topic explored
further in the next subsection. The graphs also reveal something more subtle.
Even after averaging over 81 data points, the curves are neither smooth nor
monotonically increasing in transaction size. Since in many instances there will
not even be 81 observations for a particular location, this suggests that smoothing
would only be an effective way to estimate expected purity for a few of the more

common locations.

Regression with purity, or log purity, as the dependent variable is another
alternative. Figures 3 and 4 suggest that purity increases with transaction size,
and the trends are roughly linear in the log of transaction size. Likewise the
figures suggest that differences in purity between locations and over time are
roughly constant with respect to transaction size. Hence, such differences might
be accommodated with dummy variables. The variation explained by these
regressors is small when compared with the amount of variation in purity at a
given size. Typical R? values are in the neighborhood of 0.15 to 0.25.
Nevertheless, the coefficients are generally statistically significant and, hence,
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should be included, as they are in the construction of the price series described

next.

To summarize: (1) the recorded purities of very small observations may not
reflect those samples’ true purities and, hence, should be omitted; (2) there is
considerable variation in purity between transactions; (3) smoothing can extract
the trends in such scattered information; and (4) regression on log transaction
size and dummy variables for location and time explains a modest but significant
amount of the variation in purity. Given these preliminaries, the discussion next

turns to the actual creation of the price series for cocaine.

Method Used to Construct Price Series

This subsection describes the construction of gram, ounce, and kilogram level
price series for the 15 cities that had the most wholesale price data in 1987-1991
and for the nation as a whole.? The data used are those not excluded by the
procedure described in Appendix A. Observations with total weight greater than
0.1 gram and less than or equal to 4 grams were used to construct the gram level
price series; observations greater then 4 grams but less than or equal to 100 grams
were used to construct the ounce level series; and observations greater than 100
grams but less than or equal to 1,000 grams were used to construct the kilogram

level price series.

Expected purities were estimated by regression. For purchase observations from
the 15 cities and within the appropriate size range, log purity was regressed on
log quantity, dummy variables for year, and dummy variables for city. The
regression was also run with interaction terms between year and log quantity.
The interaction terms were found to be significant for the ounce and kilogram
level data, but not for the gram level data. The proxy for expected purity for
each observation was simply e raised to the value of log purity predicted by the

appropriate regression.

For each size range, log price was then regressed on log expected purity, dummy
variables for year, and dummy variables for city to find the B, coefficient.
Technically this is somewhat improper since the data standardized by B, are also
used to estimate B,. Pragmatically, this is not a concern. The values of
estimated using these observations, all observations, all observations excluding
the ones from these 15 cities, etc. are all nearly the same. Also, Appendix B

4These 15 cities are Albany; Atlanta; Baltimore; Boston; Chicago; Detroit; Fort Worth; Houston;
Los Angeles; Melville, N.Y.; New York; Philadelphia; Providence; San Francisco; and Washington,
D.C.
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shows that trends in prices are very robust with respect to the value of B;.
Changing B, can affect the absolute value of the estimated prices, but it affects all
by a similar proportion, so the trends are stable.

The values of B, obtained were 0.733851, 0.767752, and 0.749698 for the gram,
ounce, and kilogram levels, respectively. These values were then used to
compute a standardized pure gram, ounce, or kilogram price for each
observation from its total cost and expected pure quantity, according to the

following formula:

B1
B =(91] P, ®
Q
where

P, = standardized price of observation i,

Q, = expected pure quantity of observationi,

P; = purchase price of observation i, and

Q, = reference quantity (e.g., one pure ounce).

Observations with standardized prices that were outliers were eliminated
through a two step process. The first step began by computing the average
standardized price for each market level in each year. Observations were then
eliminated if their standardized price was less than or equal to one-fourth of this
average, or if it was greater than or equal to four times the average. Note that
this was a crude filter that did not recognize distinctions between cities. Its
purpose was primarily to eliminate gross outliers that might affect the
parameters of the second, tighter filter.

The second filter eliminated all observations whose standardized price I~’i was
more than five times farther from the median standardized price for its location
and year than the median distance. That is, the observation was eliminated if:

‘f’i - me(;lian {13]}

P, - mectian }'}

>5, 9

median {
k

where the medians are taken over all observations in a particular city and year.
Note that this filter is ineffective when there are very few observations fora
particular location and year, so data for such locations and years should not be

used.
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Price series were then produced by finding the median standardized price of the
remaining observations for a particular market level, location, and year. Parallel
price series were created by taking averages instead of medians; the two sets of
series were very similar, so only the median-based series are reported. Table 8
presents the results for New York City. Figure 5 plots the same data for medians
pased on at least 10 data points. Kilogram prices are divided by 100 and ounce
prices by 10 so that all three series fit on the same graph. Price series for all 15

cities are catalogued in Appendix C.

Often one needs national price series. There is no completely satisfactory way to
do this, however. Prices vary spatially; the relative number of STRIDE
observations in different areas changes over time due to the exigencies of
enforcement practices, and there is no one correct way to average observations
from different locations. Hence, any national price estimate will necessarily be

somewhat ad hoc.

One possible approach is to take a weighted average of the 15 city-specific price
series. A drawback to this approach is that much of the country lies outside
those 15 cities. Furthermore, inasmuch as cocaine prices tend to be lower in
larger cities (Caulkins, forthcoming), this average may systematically understate
a more representative average. It is also not clear what weights should be used.

One might wish to make the weight proportional to the quantity of cocaine

Table 8
Cocaine Prices in New York
(1990 dollars)

Gram Level Qunce Level Kilogram Level
Year Price No.2 Price No.2 Price No.2
1977 $430 9 $8,300 26 $150,000 6
1978 $440 3 $7,300 26 $150,000 7
1979 $510 19 $7,400 54 $120,000 18
1980 $330 6 $6,900 64 $140,000 4
1981 $250 16 $6,300 16 $58,000 2
1982 $370 8 $5,300 28 0
1983 $240 15 $3,800 36 $58,000 10
1984 $210 8 $3,000 32 $47,000 14
1985 $230 26 $3,000 95 $48,000 38
1986 $130 53 $2,200 108 $33,000 51
1987 $120 26 $1,800 102 $24,000 76
1988 $140 34 $1,300 64 $21,000 70
1989 $70 59 $1,100 75 $19,000 65
1990 $190 85 $1,700 57 $30,000 57
1991 $90 18 $1,500 44 $21,000 39

aNumber of observations.
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Figure 5—Cocaine Prices in New York (price per pure kilogram divided by 100,
price per pure ounce divided by 10, and price per pure gram)

consumed in the city, or the number of users, but such data are not available. For
simplicity’s sake, a weighted average is computed with weights proportional to
the Metropolitan Statistical Area (MSA) or the Consolidated MSA (CMSA)
population in 1990 (U.S. Bureau of the Census, 1992, Table 34). Since both the
New York and Melville DEA offices are within the New York City metropolitan
area, half of that CMSA’s population was attributed to each DEA office. If the
city-specific median price was based on fewer than five observations, it is not

included in the average.

One can also compute a price series directly from all the STRIDE data for the 50
states and the District of Columbia. A disadvantage of this approach is that
variations in the proportion of observations coming from high and low price
regions could distort trends. Nevertheless, such price series were computed
according to the procedure described above and are reported, along with the
weighted average of the city-specific price trends, at the end of Appendix C. For
years and transactions sizes for which both estimates are based on more than a
handful of data points, the estimates are quite similar; when there are less data,
both price series, but especially the first method, jump around.

Given these price series and methods for creating them, it is desirable to give
examples of how they can be used. The next section provides several such

examples.
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4. Applications of the Price Series

This section uses the price series obtained in the previous section to explore
geographic variation in kilogram prices and the relationship between kilogram,

ounce, and gram level prices.

Spatial Variation in Kilogram Prices

Are Kilogram Prices Uniform Across the Country?

It is not clear a priori whether kilogram prices are uniform across the country.
One speculation is that since kilograms of cocaine are so valuable and easy to
transport, an efficient market has developed that erases price differences at the
kilogram level. Another view is that information flows in drug markets are so
poor (e.g., because advertising is difficult) and lateral transaction costs so great,
that kilogram price differences can exist. This subsection seeks to answer the

question empirically.

Kilogram purchases are relatively rare events, so given the variability in the data,
one can only inquire about the kilogram price in a few locations and in recent
years. Table 9 shows the breakdown of kilogram level (0.1 kg-10 kg) purchases
by year (outliers not removed).

Given this distribution over time, the ahalysis here will focus on prices in 1987-
1991. Not every observation in these years could be used because the
observations are scattered across many locations. Table 10 lists the number of
kilogram level observations by year between 1987 and 1991 for the 15 cities with
the most kilogram observations over that period.

One can begin to address the question of whether there is geographic variation in
kilogram prices by examining the five cities that had at least 20 kilogram price
observations in 1991: New York, Boston, Chicago, Fort Worth, and Washington
D.C. Table 11 reports descriptive statistics on standardized kilogram prices in
1991 for those cities.

A Kruskal-Wallis test rejects the null hypothesis that the data from all five cities
came from the same distribution with a significance of 0.0001. Both Analysis of
Variance (ANOVA) and pairwise Wilcoxon Rank-Sum tests confirm what
inspection of the summary statistics suggests. With either approach, one cannot



Table 9

Number of Kilogram Level Purchase
Observations over Time

Number of Kilogram
Level Purchase

Year Observations
1977 32
1978 54
1979 57
1980 19
1981 7
1982 23
1983 94
1984 107
1985 162
1986 207
1987 357
1988 499
1989 589
1990 426
1991 658
Table 10

Number of Kilogram Level Purchase Observations over Time
for 15 Cities with the Most Observations, 1987-1991

City 1987 1988 1989 1990 1991 Total
New York 76 70 65 57 39 307
Boston 12 11 33 43 42 141
Washington, D.C. 6 8 10 31 52 107
Chicago 4 31 17 9 22 83
Philadelphia 10 18 15 9 11 63
Houston 11 12 7 4 17 51
Albany 6 10 14 10 7 47
Los Angeles 18 8 10 3 8 47
Baltimore 6 11 15 2 8 42
Melville 3 6 15 11 4 39
Atlanta 6 9 5 5 13 38
Detroit 5 4 12 4 12 37
Fort Worth 3 2 8 1 20 34
Providence 2 2 8 9 11 32
San Francisco 6 10 10 1 2 29

Total 174 212 244 199 268 1,097

33
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Table 11

1991 Standardized Kilogram Prices in Five Cities

No. of Std. Percentiles of the Distribution
City Observations ~ Mean Dev. 25% 50% 75%
Fort Worth 20 $20,600 $5,200 $16,800  $19,900 $23,100
New York 39 $21,700 $5,100  $16,600  $21,400 $24,500
Chicago 22 $26,500 $4,200  $23,100  $26,800 $29,800
Boston 42 $27,300 $5,300  $23,100  $27,500 $30,500
Wash., D.C. 52 $30,900 $6,300  $26,600  $30,900 $34,900

reject the null hypothesis that the medians of the distributions of standardized
prices are the same for either Fort Worth and New York or Chicago and Boston,
but one can for the other eight pairs of cities, at a 0.005 level of significance.

It seems clear that, even at the kilogram level, significant price differences can
exist between cities. The next question one might ask is whether or not such
price differences can be sustained. It may be the case, for instance, that price
differences can be created by random events, but that they dissipate quickly.

To investigate this possibility, one might look at price differences over time
between the two cities for which there are the most kilogram level data points
over an extended period of time: New York and Boston. Figure 6 shows that the
median standardized kilogram price in New York was consistently below the
kilogram price in Boston. Wilcoxon Rank-Sum tests confirm that this difference
is significant at least at the 0.01 level in every year except 1987, when the
significance was 0.0304.1 Hence, it appears that not only do differences in
kilogram prices between cities exist, but that they can be sustained over time.

Where Are Kilogram Prices Lowest?

Given that kilogram prices vary between cities, a natural question to ask is,
where are kilograms of cocaine expensive or inexpensive? Ideally one would
compare prices in every pair of cities, but there are not enough data. We can,
however, extend the analysis conducted above for the 5 cities with at least 20
data points in 1991 to the 10 cities that had at least 10 data points. Table 12
presents the summary statistics on these 10 cities’ kilogram cocaine prices in
1991. The cities are ranked in order of increasing median kilogram price.

1A conventional t-test (unequal variance) produces the same results except that the difference in
1987 is significant at the 0.0388 level.
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Figure 6—Standardized Kilogram Prices in New York and Boston, 1987-1991
(in 1990 dollars)

Table 12
1991 Standardized Kilogram Prices in 10 Cities

No. of Price Pop. No. of 100+
City Observations Median Mean Rank Rank Kg Seizures
Houston 17 $17,300 $18,000 1 8 22
Providence 11 $19,700 $20,700 2 10
Fort Worth 20 $19,900 $20,600 3 7
Detroit 12 $21,200 $21,200 4 4
New York 39 $21,400 $21,700 5 1 27
Philadelphia 11 $25,000 $24,200 6 3
Chicago 22 $26,800 $26,500 7 2 2
Atlanta 13 $26,700 $27,000 8 9 2
Boston 42 $27,500 $27,300 9 5
Washington, D.C. 52 $30,900 $30,900 10 6

The median and average prices vary by a factor of almost two. To get a sense of
which differences are significant, a Wilcoxon Rank-Sum test was performed for
each pair of the 10 cities. Table 13 shows the results encoded in the following
way. One or more plus signs indicates that the row city’s rank sum was
significantly larger than what would be expected under the null hypothesis of
equal distributions (indicating its price was generally higher than that of the
column city). Similarly, minus signs indicate that it was significantly less than
the expected rank. The number of plus signs or minus signs indicates the level of
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Table 13

Comparison of 1987 Kilogram Cocaine Prices

City Hou Prov FW Det NY Phii Chi Bos Atl DC
Houston - e
Providence — L e
Ft. Worth ) - e e e
Detroit - - ——— -
NY + ’ _—— e ——=—
Philadelphia  +++ + + - -
Chicago +H+ A ++ ——
Boston +4++  +H+ ++  +H+ -
Atlanta +++ +4++ +++ 4+ -
Wash., DC 44+ A+ A +4+ A+ ++ +

significance. One, two, and three characters indicate the difference was
significant at the 0.05, 0.01, and 0.001 level, respectively. The cities are listed in

order of increasing price.

Tt is interesting to speculate about why prices are lower in some cities than in
others. Caulkins (forthcoming) explores two hypotheses about spatial variation
in price in the northeastern United States: (1) that prices are lower in larger
markets and (2) that prices are lower closer to the source of the drugs. Assuming
that market size is increasing in population, these kilogram cocaine data do not
support the first hypothesis. Table 11 gives the cities’ ranks according to
increasing prices and decreasing population size.2 The rank orders are not
highly correlated.

These data might be construed as being somewhat consistent with the second
hypothesis, however. Table 12 shows the number of STRIDE observations for
seizures of 100 kilograms or more between 1989 and 1991 in each of the cities.
Presumably cities with such large seizures are near the source, at least in the
sense that they receive large shipments. That is, they may or may not be near the
point on the border where the cocaine entered the country, but in terms of the
domestic distribution network, the city must be near the source because the
drugs have not been divided and resold numerous times before reaching that
city.

The two cities with the most large seizures (New York and Houston) are among
the five cities with the lowest kilogram prices. Furthermore, two of the other top

2Population rank is based on the MSA or CMSA, where appropriate, as given by the U.S. Bureau
of the Census, 1992.
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five, Providence and Ft. Worth, are relatively close to New York and Houston,
respectively. This suggests that studying the relationship between a city’s
kilogram price and its level on the distribution chain might be profitable.

Relationship Between Prices at Different Market Levels

The nature of causal relationships between price changes at different market
Jevels has important policy implications, but few have formally considered this
issue. Reuter and Kleiman (1986) and Reuter et al. (1988) are two exceptions, but
even these studies treat it only briefly.

The next subsection lays out two competing theories about how exogenously
driven changes in the price at one level affect prices at lower levels. The second
subsection summarizes deductive or “armchair” arguments about the two
theories. The third presents some empirical evidence based on price series
computed above. The fourth offers concluding comments.

The Additive and Multiplicative Models

Suppose prices at one market level increased, e.g., because of increased
enforcement. All other things equal, how would prices at lower levels respond?
Presumably they would increase, because dealers at intermediate levels would
pass along, in some fashion, the price increase. The precise nature of any such

increase is, however, unclear.

The conventional model holds that when prices at one level increase by a dollar
per unit, prices at lower levels will also increase by roughly a dollar per unit.
This will be referred to as the “additive model.”

Another theory, called the “multiplicative model,” posits that the percentage
change in price is the same at each level (Caulkins, 1990, Chapter 3). For
example, a 10 percent increase at the import level will lead to a 10 percent
increase at the retail level. Since retail prices of cocaine and heroin are much
greater than their import prices, these views have vastly different implications
for the efficacy of interdiction and high level enforcement.

To briefly illustrate this point, suppose the import and retail prices are X and
10X, respectively. Will an interdiction program that drives the import price up to
2X significantly reduce consumption? According to the additive model, when
the import price rises from X to 2X, the retail price will rise from 10X to 11X—a 10
percent increase that probably would not reduce consumption appreciably. The
multiplicative model, in contrast, predicts that when import prices rise from X to
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2X, retail prices will double from 10X to 20X, which might noticeably reduce
consumption. Hence, determining the extent to which the additive model, the
multiplicative, or some blend of the two reasonably reflects reality is important.
One can approach this question deductively or inductively. The next subsection
summarizes the deductive arguments that were first laid out by Caulkins (1990).
The following subsection uses price seties developed according to the procedures
described in this report to bring some empirical evidence to bear on the question.

Deductive Arguments About the Two Models

If the costs of distribution depend primarily on the quantity distributed, one
would expect the additive model to hold. If, on the other hand, the costs depend
primarily on the value of what is distributed, not its physical weight, then one
would expect the multiplicative model to hold.

These statements are predicated on the notion that prices ultimately reflect

production costs. Symbolically this can be written as:

Pg =Py +c, (10)
where
Pr = retail price per unit,
Py = wholesale price per unit, and
¢ = costper unit of moving drugs from wholesale to retail.

The additive model assumes that the distribution cost per unit, ¢, is a fixed
constant independent of Py. This implies that, when Py increases, Pg increases
by the same amount. It is possible, though, that the cost of breaking a wholesale
purchase into smaller units and selling them is itself a function of the value of

those drugs, Py, i.e.,
Pp =Py +c(Py)- (11)
By definition, the multiplicative model assumes that c(Py) is linear in Py, so
Py =Py +c(Py) =Py +kPy = (1+k) Py . (12)

According to the multiplicative model, then, wholesale and retail prices will

increase or decrease in fixed proportions.
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For most licit goods, distribution costs are more or less proportional to quantity,
so the additive model is reasonable. For example, the cost per unit of shipping
lumber from the mill to the hardware store depends little on the wholesale price
of lumber. But drugs are not conventional goods. For one, their value-to-weight
ratio is enormous; at the retail level cocaine and heroin are worth many times
their weight in gold. So, it is perfectly possible that value determines distribution
costs. For example, it might cost as much to distribute one kilogram of cocaine
worth $50,000/kilogram as it would to distribute two kilograms of cocaine that
were worth $25,000 each. One would have to pay workers roughly the same
amount to dissuade them from absconding. The risk of robbery and death or
injury associated with robbery would be similar in each case. The costs of the
capital invested would be identical. Finally, the dealers’ own consumption might
be construed as a cost of doing business, and, for a fixed habit size, that cost is

linear in the price per unit of the drugs.

On the other hand, some costs of distributing drugs probably depend more on
quantity than value. These include the costs associated with physically moving
the drugs, although they are likely to be small; zip-lock bags and, for that matter,
airplanes cost little relative to the value of the drugs they contain. The risks
associated with arrest are more significant and may also depend on the quantity,
not value, of the drugs. The more one sells, the greater the chance of arrest. And,
the more one possesses at the time of arrest, the stiffer the sanction is likely to be,

at least for dealers.

Thus, deductive arguments are inconclusive. They merely suggest that the true
situation is intermediate between the additive and multiplicative models.3
Furthermore, some dispute the validity of the zero long-range profit assumption
that underpins Equation (10) and, therefore, all of the deductive arguments. (See,
e.g., Boyum, 1992.) Hence, whether the true situation is closer to the additive or
the multiplicative model is an empirical question, to which the discussion turns

next.

Empirical Evidence About the Two Models

Empirically distinguishing between the additive and multiplicative models is
straightforward. Both models predict that retail prices are linearly related to

wholesale prices:

30ne can make distinctions between different drugs and different levels of the network, but
these will not be elaborated here.
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Pr =a+bxDPy . (13)

They differ only in their predictions about the coefficients, a and b. The additive
model predicts that a is greater than 0 and b =1, and specifically that the
coefficient a equals the difference between the retail and wholesale prices. The
multiplicative model predicts thata =0 and b > 1, and specifically that b equals
the ratio of the wholesale and retail prices.

Ideally, to test the models one would manipulate the wholesale price, Py, and
observe how the retail price, Pg, responded. Such experimentation is, of course,
impossible. What one can do is look at historical variation in prices between
cities and over time. This is a much inferior alternative because even ifa
particular pattern is observed, there is no assurance that the corresponding
causal relationship holds. The familiar caveat, correlation does not imply
causality, is particularly relevant because market and enforcement conditions do
vary over location and time, so it is not at all implausible that omitted variables,
such as enforcement effort at various levels, might drive both wholesale and
retail price changes. Inherently limited as they may be in this context, the data
available for testing the two models are price series. Specifically, a subset of the
gram, ounce, and kilogram level cocaine price series computed above were used.
The cities included were those with the most wholesale data and two with

particularly strong gram and ounce level price series.

Recall that individual purchase observations were standardized for expected
purity. When, after outliers were deleted, there were at least five individual
standardized price observations for a city, year, and market level, their median
was taken as the price for that city, year, and market level.4 City-year-level
combinations with fewer than five individual observations were dropped. Table
14 shows the extent of the resulting price series. The data set was by no means
complete; only 227 of the 360 possible data points are available. Furthermore, the
highest level represented, the kilogram level, is by no means the highest market
level that exists. Cocaine is often imported in shipments of a ton or more.

In the remainder of this section, the word “observation” will refer to the price for
a particular city, year, and level. That is, it will refer to the median of the
standardized prices of five or more individual STRIDE purchase observations.

4The only exception to this was that kilogram level prices were not computed for New York City
for 1977, 1978, and 1979, even though there were more than four non-outlier observations, because
there were no other kilogram level data points until 1983. Note that the results are essentially
identical if the average price, rather than the median price, is used.
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Table 14
Data Available for Testing the Models

City Gram Level Ounce Level Kilogram Level
Albany 1988-1991 1987-1991 1987-1991
Baltimore 1978, 1981-1991 1977-1991 —

Boston 1982-1986, 1990 1982-1991 1985-1991
Chicago 1977-1986, 1988-1991 1978-1991 1983, 1985-1991
Detroit 1980, 1981, 1983-1991 1980-1991 —

New York 1977,1979-1991 1977-1991 1983-1991
Philadelphia 1979-1984, 1986-1991 1979-1991 1983, 1987-1991
Washington, D.C. 19771980, 1982-1991 1977-1991 1983, 1987-1991

Total no. of data
points 87 99 41

The additive and multiplicative models are phrased in terms of retail and
wholesale prices, but the data available are for the gram, ounce, and kilogram
level. Hence, three (not independent) tests can be run: one with gram and ounce
level prices, the second with gram and kilogram level prices, and the third with
ounce and kilogram level prices. Table 15 presents the results of estimating
Equation (13) with each of the three sets of data.

Table 15

Estimation of Equation (13) for Various Market Levels

Gramand  OQOunce and Gram and
Ounce Kilogram Kilogram
Regression results
No. of observations 83 39 34
Adjusted R? 0.725 0.776 0.522
Root MSE 60.70 10.78 39.58
b (slope) 2.22%%* 2,13 4,28+
(0.150) (0.185) (0.703)
a (intercept) 1.13 371 1348
(16.757) (6.161) (23.68)
Predicted coefficient values
Additive model
b 1.0 1.0 1.0
a (Pr-Pw) 125.55 39.76 119.402
Multiplicative model
b (Pr/Pw) 2.23 225 4.70
a 0.0 0.0 0.0

aThe average difference between kilogram and gram prices is smaller than that
between ounce and gram prices because the kilogram data are from more recent years,
after price declines reduced differences between prices at all levels.

+#* Sjemificant at the 0.0001 level.
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The results strongly indicate that the multiplicative model fits the data better.
The additive model predicts that the slope (b) will be 1.0. For all three pairs of
price series the slope (b) is greater than 1.0, and the difference is statistically
significant at the 0.0001 significance level in every case. In contrast, the
multiplicative model predicts that the slope will equal the ratio of the retail to the
wholesale price. The estimated coefficients are indeed close to those ratios; in no
case can the null hypothesis that the difference is zero be rejected at a significance
level below 0.50.

Turning to the intercept, the additive model predicts that the value of the
intercept will equal the average difference between the retail and wholesale
prices. In fact, the intercepts are much smaller, and differences from the
predicted value for all three are statistically significant at the 0.0001 level. The
multiplicative model predicts that the intercept will be 0, and in no case is it
possible to reject the null hypothesis that the intercept is 0, even at the 0.50 level.
On the other hand, the fact that all three intercepts were estimated to be positive
suggests that the true value of the intercept may not literally be zero.

Despite the apparent weight of the evidence, one should not discard the additive
model based on Table 15 alone. It may be, for instance, that the poor fit can be
blamed on combining data from different cities and years. Itis perfectly
reasonable, under the additive model, to have different intercepts for different

years or locations.

To explore this possibility, the regressions above were augmented with dummy
variables first for year and then for location.5 For none of the three pairs of price
series were the dummy variables for year, when taken as a group, significant.

That is, the additive model cannot be redeemed by allowing the fixed difference

in price between market levels to vary over time.

The dummy variables for location, in contrast, were sometimes significant
(significant at the 0.0001 level for gram to ounce level, not significant for ounce to
kilogram level, and significant at the 0.05 level for gram to kilogram level).
Adding these dummy variables improved the model’s fit, as measured by the
adjusted R? value, but the individual cities’ estimated intercepts were still far
below what the additive model would have predicted. Furthermore, adding
these dummy variables had almost no effect on the estimate of the slope; indeed,
it continued to be difficult to reject the null hypothesis that the value of the slope
was equal to that predicted by the multiplicative model. (The smallest

5Both sets of dummy variables could not be added simultaneously because of collinearity; most
of the variation in the wholesale price can be explained by these dummy variables. That is, there is
little interaction between time and location in prices.
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significance level at which it could be rejected for any of the three models was
0.4838.) The results of Table 14 seem, then, to be robust with respect to these

simple enhancements to the set of regressors.

Discussion

This section examined the relationship between price trends at different market
Jevels. It reviewed two models of this relationship. The additive model posits
that the price difference between market levels is a fixed constant that is
independent of the absolute prices. The multiplicative model holds that the price
difference is proportional to the price or, in other words, that the ratio of the

prices at different levels is constant.

Deductive or “armchair” speculations as to which model is more accurate are
inconclusive. Tt is now possible, however, given the methods developed in this
report, to examine the historical relationship between prices at different market
levels. In short, the additive model did not fit the data examined; the
multiplicative model did. Such retrospective analyses cannot, of course,
themselves be conclusive. For example, it may be that the additive model is
more accurate but that unmeasured factors affected prices at different levels in
such a way that those prices happened to change proportionally. Indeed, the fact
that recent retail heroin prices have fallen by a greater percentage than wholesale
prices is not consistent with the multiplicative model (although it is even less
consistent with the additive model, which predicts that the percentage change in
retail prices will be smaller than the percentage change in wholesale prices). The
only way to be confident that a causal relationship exists and is reasonably likely
to continue to hold in the future is to run experiments that are simply not
possible. Nevertheless, these results give circumstantial evidence in favor of the

multiplicative model.

This finding is extremely relevant at this time. There is almost a consensus
among policy analysts that it would be beneficial to shift resources out of
interdiction and high level enforcement and into so-called demand-side
programs. One argument offered for such a reallocation is that, even if these
high level interventions raised wholesale prices, they would have only a minimal
impact on retail prices. This report cannot comment on the wisdom of
reallocating resources, but it does suggest that this particular argument may be
weak. Or, to put it another way, advocates of reallocating resources should
recognize that doing so might have a measurable impact on retail prices.
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5. Conclusions

This report has presented a method of creating price series for cocaine from the
DEA’s STRIDE database, created such price series, and used them to address

questions about cocaine prices.

The key methodological contribution is the suggestion that it is the expected, not
the recorded, purity of an individual observation that, along with transaction
size, location, and time, determines price. Previous methods of adjusting for
purity, such as including log purity as an independent regressor and regressing

on log pure quantity, were criticized.

The report explains how expected purity can be estimated and incorporated into
various procedures for producing price series. One of the methods discussed,
standardizing individual purchase observations, has not been used elsewhere
and offers distinct advantages. The most prominent of these advantages is that
once observations have been standardized for differences in purity and
transaction size, they can be studied just like any other cross-sectional time series.

Price series were created and reported, by standardizing individual purchase
observations for their expected pure quantity, for three market levels in 15 cities
and the nation as a whole on an annual basis. Analysis of the kilogram level data
shows clearly that significant differences can exist and be sustained at the
kilogram level. This result is somewhat surprising because kilograms of cocaine
are so valuable that one might have expected arbitrage to quickly eliminate such
price differences. That it did not suggests that local interventions can, in

principle, affect local wholesale market conditions.

The second major finding is that, historically, cocaine prices at the gram, ounce,
and kilogram level have remained proportional to each other even though prices
at all levels have changed dramatically over time. This lends circumstantial
support to the “multiplicative model,” which holds that price increases at one
level pass through to lower levels on a percentage basis; if wholesale prices
double, so will retail prices. The data are not consistent with the “additive
model,” which holds that price increases pass through on a dollar-for-dollar
basis. If the multiplicative model held causally and prospectively, not just
retrospectively, then, contrary to conventional wisdom, interventions and policy
changes that affect wholesale prices would be expected to significantly affect

retail prices.



These two applications, which examine variation in wholesale prices and the
relation between prices at different market levels, barely scratch the surface of
what can be done with price series. Price series can also be used to evaluate
interventions, measure elasticities, estimate demand curves, forecast and track
changing market conditions, and so on. Price is a fundamental market
characteristic, and price series provide a window through which one can view
market behavior. Recent advances in the methods of creating price series, to
which this report seeks to contribute, are unlocking the door to a powerful tool
for drug policy analysis.
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Appendix

A. The STRIDE Data

The STRIDE Database

The data used here are from the DEA’s System to Retrieve Information from
Drug Evidence (STRIDE). Frank (1987) describes STRIDE in detail, so it will be

reviewed only briefly here.

STRIDE records information on purchases and seizures of illicit drugs that are
examined by DEA laboratories. About 75 percent of the records are the product
of DEA and FBI investigations. Most of the remainder are from District of
Columbia Metropolitan Police investigations; coverage of state and local agencies
is not at all comprehensive. Each observation includes information on the date,

city, quantity, identity, and purity of the drug.

The database has a number of outstanding strengths and some weaknesses. Its
greatest advantages are that it contains transaction level data from across the
country and records these data in a consistent manner from 1973 to the present.
Its principal disadvantage is that it contains very few data from state and local
sources. Given how variable drug prices are, these additional observations could

make STRIDE substantially more useful for policy analysis.

Eliminating Outliers

The price and purity of a drug sample rarely have any substantial bearing on an
exhibit’s role in a trial. Perhaps because of this and the fact that STRIDE’s
principal application is as an information system for drug evidence, STRIDE
contains a number of typographical errors leading to outliers of as many as six

orders of magnitude.

For example, retail prices for cocaine are typically between $100 and $300 per
gram. Nevertheless there are STRIDE observations suggesting that agents paid
as little as $1,045 for almost 12 kilograms of cocaine (Louisville, 11 /14/87) and
one-tenth of one cent for 23 grams of 84 percent pure cocaine (San Diego,
12/12/87). Conversely there are records indicating payments of $6,800 for one
milligram of cocaine (Albany, 2/2/87) and $500,000 for 2 grams of cocaine that
was only 10 percent pure (Boston, 10/24/84).
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These gross outliers were expunged with a simple filter. Typical standardized
prices were found for each year between 1977 and 1991. This was done by
regressing the log of the price of purchase observations on the log of quantity
and dummy variables for the year.! The coefficient on log quantity in this
regression was 0.774132. Hence, an adjusted price was computed for each

observation according to Equation (A.1).

price of observation
exp (0.774132 xlog (quantity in grams))

adjusted price per gram = (A1)

If the adjusted price was less than one-eighth or more than eight times the
average adjusted price per gram for that year, it was judged to be an outlier and
discarded. Table A.1 shows the average adjusted price, lower limit, and upper

limit for each year.

One might be concerned that the price series produced are sensitive to the way
outliers are removed. This does not seem to be the case, however. For example,

Table A.1
Cut-Off Values Used in Outlier Filter

Lower Upper
Year Limit Average Limit
1977 16.20 129.60 1036.48
1978 17.08 136.64 1093.05
1979 18.12 144.96 1159.53
1980 18.89 151.12 1209.21
1981 18.21 145.68 1165.67
1982 18.21 145.68 1165.59
1983 18.31 146.48 1171.86
1984 17.25 138.00 1104.30
1985 16.40 131.20 1049.74
1986 15.17 121.36 970.62
1987 13.47 107.76 862.20
1988 11.34 90.72 726.05
1989 10.55 84.40 675.29
1990 12.74 101.92 815.31
1991 11.64 93.12 745.10

1The “method” flag denoting whether an observation was a purchase does not exist for data
before 1981, Observations before 1981 were judged to be a purchase if they had a positive price. For
the 1981 and later observations with a positive price, 99.3 percent had a method flag of “P,” denoting
purchase, and for 0.6 percent of those observations the flag was missing. Only very rarely are
observations with a positive price not purchase observations. In addition, observations were
excluded if they were from outside the Continental United States, the price was below $10, quantity
was less than or equal to 0.1 grams, purity was negative, or purity was greater than 100 percent.
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retail cocaine price series were computed for San Diego with outliers culled in
three ways: (1) the manner described above, (2) with the range reduced to one-
sixth to six times the average, and (3) with the range reduced to one-fourth to
four times the average. When price series were created by regression, the prices
in each of the three series never differed by even as much as 3 percent. When
price series were created by standardizing individual data points and taking the
median of those standardized prices, the largest difference was only 1.5 percent.

Hence, although it is important to remove outliers, it does not seem to matter
much whether the window of the filter through which the data must pass to be

accepted is narrow or relatively broad.
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B. Robustness with Respect to Values of B,

One concern in estimating price series is how robust they are with respect to the
value of B; used. The short answer is that the absolute values of the standardized
prices depend on By, but it is the trends in prices that are usually of interest, and
the trends are very robust with respect to the value B;.

The only exception to this rule would occur when the distribution of transaction
sizes differs over the aggregates being compared. For example, if one were
comparing retail prices in 1989 and 1990, and if most of the retail purchases in
1989 were for less than one gram and most of the retail purchases in 1990 were
for more than one gram, then the value of B, could influence the measured
change in price. Pragmatically, the distribution of transaction sizes within a
market level does not vary systematically over time or location, so this is rarely

an issue.

To illustrate this insensitivity to B, consider Figure B.1. It shows the trends in
the average standardized retail price estimated for San Diego/San Ysidro using a
very wide range of values of B;. Each curveis scaled so that the price in 1977 is
100; Table B.1 shows the data before scaling. The curves in Figure B.1 nearly
coincide; this implies that obtaining the “correct” value of B, is unimportant
when estimating trends. The scaling multipliers do depend on By, so the choice
of B; can affect the absolute value of the standardized price. Hence, it is best to
think of the standardized prices only relative to each other, and not in absolute

terms.



51

RAND#165-8.1-0294

120
B =0.65

s - ——=—— B=0.70
g 100 —a— B=0.75
© — e— B=080
5 —n— B=085
D-  — —_—
55 god —0 B =0.90
53 B=0.95
8 1}
AN
>
o T 604
N
3
1]
o
C
S
N 40

20

1977 1979 1981 1983 1985 1987 1989 1991

Figure B.1—Average Standardized Retail Price of Cocaine in Current Year Dollars,
Normalized so P1977 =100, in San Diego/San Ysidro

Table B.1

Average Standardized Retail Price of Cocaine in San Diego/San Ysidro

Year B;=065 B;=070 B;=075 B;=080 B;=085 B;=0.90
1977 276.65 291.90 308.56 326.76 346.68 368.51
1978 258.51 272.50 287.76 304.42 322.62 342.54
1979 281.36 294.74 309.41 325.52 34322 362.68
1980 270.43 280.51 291.55 303.65 316.91 331.45
1981 243.00 252.56 263.02 274.48 287.03 300.79
1982 265.57 276.52 288.53 301.70 316.16 332.03
1983 251.52 259.25 267.81 277.26 287.70 299.22
1984 222.24 228.45 235.35 243.01 251.49 260.89
1985 217.72 226.25 235.67 246.06 257.52 270.17
1986 174.96 179.73 185.11 191.16 197.92 205.47
1987 142.40 146.92 152.04 157.80 164.27 171.51
1988 119.02 122.60 126.67 131.270 136.44 142.24
1989 107.87 111.81 116.24 121.18 126.69 132.82
1990 141.83 148.53 156.03 164.410 173.76 184.19

1991 116.57 121.58 127.24 133.60 140.74 148.73
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C. Price Series for 15 Cities and the Nation

This appendix presents the results of the computations described in Section 4.
The prices are the medians of the non-outlier observations’ standardized prices,
reported in current year dollars. Medians based on fewer than five observations
should not be used. The sample size itself makes them variable. More
important, the outlier filters are unreliable when there are few data points.
Medians based on 5 to 10 observations are also somewhat unreliable. Also,
despite the apparent precision, only one or perhaps two digits of any price

should be considered to be significant.

Table C.1

Cocaine Prices in Albany

Gram Level Qunce Level Kilogram Level
Year Price No.? Price No.2  Price No.?
1977 0 7,465.30 1 0
1985 264.62 1 4,649.51 10 0
1986 0 4,038.15 9 0

1987 194.39 4 3,272.59 33 42/444.84 6
1988 19607 29 2,309.35 71  27,458.60 10
1989 14269 45 2,150.70 108  32,145.84 14
1990 22588 34 2,72426 100  38,139.98 10
1991 19077 34 1,885.40 105 31,746.54 7

aNumber of observations.




Table C.2

Cocaine Prices in Atlanta

Gram Level Qunce Level Kilogram Level
Year Price No.2 Price No.2  Price No.2
1977 315.06 2 4,733.82 4 0
1979 0 4,582.04 2 0
1980 303.45 7 4,209.19 9 0
1981 351.62 20 3,655.93 17 0
1982 307.70 7 4,032.76 13 0
1983 228.90 16 3,045.14 17  44,182.83 1
1984 259.21 32 2,958.45 35  24,301.99 2
1985 239.04 13 2,660.29 28 0
1986 187.28 10 2,303.37 49  32,532.29 3
1987 154.14 7 2,143.06 34 38,631.96 6
1988 131.64 3 1,376.56 60  29,765.49 9
1989 138.37 1 1,403.76 44  23,45299 5
1990 197.73 4 2,115.89 44  35,194.05 5
1991 128.38 8 1,465.09 54 2671210 13

aNumber of observations.
Table C.3
Cocaine Prices in Baltimore

Gram Level Ounce Level Kilogram Level
Year Price No.2 Price No.2  Price No.2
1977 232.93 3 6,927.15 1 0
1978 607.35 8 5,919.20 7 0
1979 395.87 3 5,684.79 9 0
1980 529.35 2 4,739.79 7 0
1981 577.49 5 4,059.12 18 0
1982 396.72 9 4,616.90 12 0
1983 411.49 12 3,798.86 18  52,544.51 4
1984 243.96 9 326781 42  52,57475 3
1985 255.78 8 3,335.29 62  44,635.10 1
1986 244.21 16 3,067.72 89  47,009.54 5
1987 265.94 8 2487.16 50  32,965.71 6
1988 168.85 16 2,13553 72 2999794 11
1989 203.47 38 1,779.44 54 2490318 15
1990 282.06 17 2,319.71 34  46,641.04 2
1991 195.79 2 1,862.29 41 34,577.84 8

aNumber of observations.
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Cocaine Prices in Boston

Table C.4

Gram Level Ounce Level Kilogram Level
Year Price No.2 Price No.2  Price No.?
1977 365.45 2 5,281.60 4 69,504.63 1
1978 590.40 2 5,918.95 9 0
1979 416.66 2 5,154.86 7 0
1980 254.12 1 5,050.37 14 0
1981 378.01 1 4,272.66 9 0
1982 316.12 9 4651.15 13 0
1983 251.99 16 3,992.29 33 0
1984 24751 24 3,19442 29 39,501.69 3
1985 223.86 11 3,237.30 31 59,499.97 4
1986 177.16 11 2,559.38 34 29,101.60 5
1987 135.21 4 194496 50 25,314.76 12
1988 152.46 2 1,618.89 22 27,810.87 11
1989 96.03 2 1,66896 47 26,416.99 33
1990 184.00 9 2,320.77 86 33,330.57 43
1991 310.45 4 1,696.34 33 27,539.00 42
aNumber of observations.
Table C.5
Cocaine Prices in Chicago
Gram Level Ounce Level Kilogram Level
Year Price No.2 Price No.2 Price No.?
1977 297.42 2 4,992.52 17 109,757.02 1
1978 418.44 9 5,784.09 41 80,737.23 2
1979 378.80 7 5617.11 34 82,968.00 2
1980 23476 16  4412.06 18 71,837.55 2
1981 299.82 9 4,246.60 48 0
1982 29096 20  4,390.02 69 0
1983 22737 12 3,373.10 51 45,185.49 5
1984 237.04 46  2,979.72 61 57,245.78 1
1985 18393 11 3,084.17 164 46,228.91 6
1986 246.36 6 2,386.76 130 40,631.23 9
1987 145.45 4 1,987.47 183 37,029.58 4
1988 12710 21 1,447.25 109 23,598.43 31
1989 82.17 8 1,304.95 88 23,711.81 17
1990 77.20 6  2,100.19 114 32,111.41 9
1991 92.71 7 1,611.44 94 26,844.67 22

aNumber of observations.



Cocaine Prices in Detroit

Table C.6

Gram Level Ounce Level Kilogram Level
Year Price No.2 Price No.2 Price No.?2
1977 213.13 4 4,157.47 12 81,838.53 2
1978 308.69 1 4,477.37 12 0
1979 276.24 1 4,765.49 31 86,076.15 3
1980 340.23 5 4,775.80 25 0
1981 381.38 8 4,063.69 18 0
1982 241.63 4 3,960.92 10 0
1983 246.61 16 3,399.79 13 51,592.52 1
1984 28317 24 3,046.52 34 42,407.00 1
1985 200.71 30 2,807.76 48  70,244.52 2
1986 166.35 67 2,329.62 74  37,832.98 4
1987 108.55 9 1,798.84 73 23,784.50 5
1988 138.71 11 1,148.67 38 16,483.34 4
1989 7248 12 1,001.79 40  20,840.82 12
1990 141.97 11 1,535.61 35 3471198 4
1991 105.89 13 1,236.21 68  21,222.69 12

aNumber of observations.
Table C.7

Cocaine Prices in Fort Worth

Gram Level Ounce Level Kilogram Level
Year Price  No.? Price No.2  Price No.2
1981 467.96 4 5,232.67 2 0
1982 388.3¢4 42 4,088.12 1 0
1983 352,66 15 424531 13 0
1984 0 288273 13 0
1985 0 321492 16 0
1986 245.99 2 2,61419 23 0
1987 0 1,70595 29 27,116.09 3
1988 0 1,321.96 7 25573.75 2
1989 0 1,521.54 6 2045375 8
1990 94.34 1 1,797.63 11 28536.11 1
1991 0 1,409.90 12 1988750 20

aNumber of observations.
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Table C.8

Cocaine Prices in Houston

Gram Level

Ounce Level

Kilogram Level

Year Price No.2 Price No.2  Price No.?2
1977 315.36 4 5,290.02 27 0
1978 0 5,128.20 3 6240796 1
1979 289.73 6 4,975.30 8 0
1980 398.72 2 4,712.23 13 0
1981 342.30 2 4,330.87 11 0
1982 0 4,350.57 4 0
1983 0 3,169.51 2 46,587.21 1
1984 218.64 6 2,329.43 30 42,842.73 2
1985 195.96 6 2,336.48 61 33,684.08 4
1986 142.30 2 1,854.89 59 29,287.94 3
1987 119.58 4 1,273.77 57 18,74897 11
1988 283.93 2 1,044.97 32 1536421 12
1989 0 1,102.95 22 19,077.37 7
1990 129.61 3 1,523.26 8 2637043 4
1991 67.63 1 1,007.01 26 17,333.74 17
aNumber of observations.
Table C.9
Cocaine Prices in Los Angeles
Gram Level Ounce Level Kilogram Level
Year Price No.2 Price No.2 Price No.2
1977 247.02 7 4,997.54 5 0
1978 279.45 2 5,431.30 10 0
1979 321.23 3 4,844.36 12 126,737.83 2
1980 268.50 4 4,300.89 21 117,996.70 1
1981 206.89 2 4,101.92 11 0
1982 259.16 6 4,011.11 10 10,084.78 2
1983 181.00 12 2,871.18 39 52,401.28 2
1984 329.34 1 2,359.26 13 44,334.91 1
1985 140.77 4 2,128.93 12 45,190.67 2
1986 87.47 1 1,564.04 10 34,318.21 1
1987 66.39 1 871.59 20 24,296.81 18
1988 66.27 9 630.32 11 17,001.91 8
1989 50.23 9 867.56 46 20,556.79 10
1990 100.77 10 1,700.96 18 29,691.34 3
1991 0 1,172.62 12 20,647.70 8

aNumber of observations.



Table C.10

Cocaine Prices in Melville, N.Y.

Gram Level

Ounce Level

Kilogram Level

Year Price No.2 Price No.2  Price No.?2
1977 311.03 6 4,608.57 80 68,561.72 3
1978 330.69 6 4,849.43 85 68,659.90 12
1979 339.17 12 4,862.46 101 60,686.68 3
1980 296.60 24 4,794.26 59 0
1981 367.64 20 4,119.23 28 39,301.66 1
1982 285.83 38 4,411.92 69 0
1983 245.73 28 3,658.24 68 54,952.88 2
1984 243.74 7 3,025.79 22 47,963.81 1
1985 123.63 1 2,817.65 7 44,649.01 5
1986 0 2,374.13 17 33,277.10 4
1987 0 1,963.60 24 24,704.47 3
1988 0 1,602.36 11 20,846.46 6
1989 65.01 1 1,282.99 6 19,899.02 15
1990 0 1,980.24 4 29,879.21 11
1991 140.83 1 1,995.44 3 21,049.50 4
aNumber of observations.
Table C.11
Cocaine Prices in New York

Gram Level Ounce Level Kilogram Level
Year Price No.2 Price No.2  Price No.2
1977 198.14 9 3,858.78 26 70,955.61 6
1978 221.07 3 3,656.14 26 76,446.61 7
1979 28591 19 4,085.26 54 66,660.55 18
1980 210.06 6 4,346.55 64 88,078.11 4
1981 175.32 16 4,371.29 16 40,231.76 2
1982 273.82 8 3,930.46 28 0
1983 184.78 15 2,882.87 36 44,384.50 10
1984 168.30 8 2,364.10 32 37,287.92 14
1985 188.39 26 2,495.64 95 39,184.45 38
1986 107.88 53 1,873.81 108 27,394.81 51
1987 107.71 26 1,525.39 102 20,990.60 76
1988 128.04 34 1,140.11 64 19,106.97 70
1989 6782 59 1,076.70 75 17,901.09 65
1990 192.78 85 1,669.78 57 29,853.70 57
1991 95.75 18 1,521.20 44 21,380.00 39

aNumber of observations.
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Table C.12

Cocaine Prices in Philadelphia

Gram Level QOunce Level Kilogram Level
Year Price No.2 Price No.2  Price No.2
1977 298.98 4 3,800.22 8 0
1978 626.75 1 4916.03 8 0
1979 400.62 8 4,762.13 11 0
1980 0 3,910.18 2 0
1981 300.32 3 4,450.11 2 0
1982 326.05 10 4,064.93 10 0
1983 240.50 8 3,315.92 20 47,222.57 12
1984 217.77 13 3,047.50 15 24,119.53 1
1985 174.19 3 2,502.68 24 0
1986 129.32 31 1,661.54 77 29,028.52 1
1987 99.87 23 1,468.38 77 26,834.02 10
1988 67.58 27 1,233.71 71 21,332.59 18
1989 63.60 57 1,119.95 71 20,572.52 15
1990 125.34 13 1,745.77 24 33,114.99 9
1991 83.21 25 1,493.35 52 25,026.90 11

aNumber of observations.
Table C.13

Cocaine Prices in Providence

Gram Level Qunce Level Kilogram Level
Year Price No.?2 Price No.2  Price No.?2
1978 0 5,341.47 2 0
1979 0 6,122.89 1 0
1981 0 4,957.97 2 0
1982 221.95 1 4,358.89 8 0
1983 0 2,938.29 13 34,281.44 1
1984 0 2,221.84 6 0
1985 126.15 1 2,459.74 21 0
1986 0 1,990.29 6 19,694.51 1
1987 0 1,761.85 10 34,024.22 2
1988 0 1,480.67 5 21,133.00 2
1989 0 1,253.49 5 15,976.52 8
1990 91.18 9 1,757.22 10 31,374.14 9
1991 0 1,357.16 15 19,752.74 11

aNumber of observations.



Table C.14

Cocaine Prices in San Francisco

Gram Level QOunce Level Kilogram Level
Year Price No.2 Price No.2  Price No.?2
1977 0 3,925.53 7 0
1978 0 5,208.15 7 0
1979 0 4,757.81 5 0
1980 0 4,182.23 8 0
1981 285.91 2 3,725.24 6 0
1982 243.29 2 4,047.01 5 0
1983 109.52 1 2,558.90 11 39,084.04 1
1984 166.92 2 2,350.11 22 37,906.93 3
1985 194.23 7 2,266.87 32 45,832.00 7
1986 102.24 3 1,692.41 9 26,663.88 3
1987 64.34 4 1,026.49 17  19,534.75 6
1988 41.42 1 737.53 25 18,275.56 10
1989 46.29 2 851.46 13 17,312.28 10
1990 108.54 1 1,306.32 2 37,430.62 1
1991 100.38 2 1,111.61 20 19,028.75 2
aNumber of observations.
Table C.15
Cocaine Prices in Washington, D.C.
Gram Level Ounce Level Kilogram Level
Year Price  No.? Price No.2  Price No.?
1977 369.15 12 455757 12 87,261.69 1
1978 510.31 12 5,298.75 19  87,687.77 2
1979 379.85 10 495266 26 107,404.25 1
1980 45717 6 4,241.79 15 0
1981 328.09 2 3,901.60 10 0
1982 382.51 7 398586 15 71,315.14 2
1983 210.17 10 3,117.47 34 6196497 7
1984 291.12 27 3,036.63 25  48,073.63 2
1985 231.25 9 2,51259 40  54,772.16 1
1986 170.82 16 2,389.49 70  41,028.49 4
1987 162.62 15 2,126.99 30  42,214.27 6
1988 124.74 8 1,773.56 39  28569.54 8
1989 123.65 18 1,608.19 80  31,854.33 10
1990 238.84 52 2,373.87 131 39,735.12 31
199 215.95 48 1,911.83 192 30,868.22 52

aNumber of observations.
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Table C.16

National Prices over Time in Current Dollars,
Weighted Average of Prices in 15 Cities

Average No. of Average No. of Average No. of
Gram Cities in QOunce Cities in Kilogram Cities in
Year Price Average Price Average Price Average
1977 263.88 4 4,503.46 9 70,955.61 1
1978 419.16 4 5,068.27 10 72,553.25 2
1979 343.62 6 4,877.08 11 66,660.55 1
1980 285.20 6 4,482.34 11 0
1981 318.58 6 4,111.19 11 0
1982 301.71 , 10 4,160.26 12 0
1983 230.87 11 3,242.62 13 47,807 .44 4
1984 233.45 10 2,737.07 14 37,287.92 1
1985 204.07 9 2,645.71 15 43,745.54 4
1986 171.37 8 2,093.59 15 34,181.97 4
1987 131.42 6 1,596.59 15 25,737.96 11
1988 106.41 8 1,222.33 15 21,260.12 12
1989 77.23 8 1,192.19 15 21,339.64 15
1990 144.62 10 1,869.58 13 32,410.99 9
1991 112.63 7 1,413.54 14 23,684.32 13
Table C.17
National Prices over Time in Current Dollars, Median
Standardized Price of All Observations in the United States
Average Average Average
Gram No. of Ounce No. of Kilogram No. of

Year Price Observations Price Observations Price Observations
1977 316.44 173 4,688.68 573 72,855.85 31
1978 295.92 177 4,637.28 671 69,834.53 50
1979 298.75 237 4,796.86 934 81,084.88 55
1980 275.89 257 4,633.00 787 80,034.32 19
1981 285.10 314 4,229.84 674 57,820.87 7
1982 281.55 511 4,266.58 824 77,469.07 14
1983 249.54 603 3,638.24 1131 51,583.58 93
1984 228.40 787 3,213.48 1503 45,819.49 103
1985 228.20 1164 3,206.64 2127 46,358.24 154
1986 176.05 1288 2,515.29 2168 35,185.77 202
1987 138.48 1129 1,979.31 2475 24,808.89 350
1988 104.95 1660 1,534.18 2493 20,721.60 486
1989 97.36 1911 1,459.32 2388 21,557.37 569
1990 129.95 1657 2,158.20 1857 34,237.06 411
1991 105.64 1800 1,694.35 2816 26,202.68 645
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