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Abstract

We estimate a structural model of bargaining between a branch of a large

transnational gang and pushers using data from detailed records kept by the

gang. The model allows for the gang’s relative bargaining power to differ for

pushers with different characteristics, such as those with addictions or bor-

rowing problems. Exploiting supply shocks in our data, we use the estimated

model to study the effectiveness of various enforcement strategies. We find

that targeting pushers is more effective at reducing quantities sold compared

to targeting the gang’s upstream supply chain.
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1 Introduction

The economics of transnational drug-selling gangs are of great interest to policy-
makers. Their activities create major negative externalities, such as addiction and
crime, which are the focus of many large public policy initiatives. Understand-
ing how different enforcement strategies affect prices and quantities throughout the
supply chain is also relevant for designing optimal policing strategies, as many
countries spend significant resources to reduce the consumption of illegal drugs.
However, due to a lack of data on the trading activities of large drug gangs, little is
understood about how prices and quantities are determined throughout the supply
chain, and how different enforcement activities affect these prices and quantities.

We study how prices and quantities are determined in the drug wholesale mar-
ket by estimating a structural bargaining model using detailed accounting records
kept by the Singaporean branch of a large transnational gang. Our estimation ex-
ploits exogenous shocks to the gang’s marginal costs, the largest being when the
authorities successfully disrupted one of the gang’s trafficking routes. We then use
the estimated model to simulate counterfactual enforcement strategies to explore
the effectiveness of each strategy at reducing the total quantity sold in the market.

In our data, the gang recorded trades with 352 different pushers in four differ-
ent illicit drugs of varying quality levels. These pushers are not employees of the
gang but are independent traders who sell drugs to end-users. We observe 2,774
trades over the course of one year, where for each trade we observe the gang’s unit
costs, the bargained wholesale prices, and the quantities sold for each drug-quality
pair. We also observe a host of characteristics for each pusher, such as demograph-
ics, business connections, and gambling and drug addictions. We also complement
these data with interviews with over 100 ex-drug offenders and ex-drug users who
were active in this market.

Two large supply shocks occurred during our sample period. In one period,
the authorities successfully intercepted a shipment and disrupted part of the gang’s
supply route, which caused the gang’s unit costs to increase for approximately two
months. This particular disruption was significant not only because that route was
compromised and had to be redirected, but also because the jockeys hired to trans-
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port the drugs were arrested and needed to be replaced. In another period, the
gang’s unit costs in ice (also known as crystal meth) fell after the gang found a
cheaper supplier.

We develop a structural model in which pushers decide each period how much,
if any, of each drug to buy from the gang. As in Becker (1968), pushers take into
account the risk of arrest in their demand decisions. The drug wholesale prices that
pushers pay are determined through Nash bargaining, where each pusher’s bargain-
ing weight differs based on their trade history and observed characteristics, such
as their demographics, business connections, and addictions. We also allow the
parameters of the pushers’ demand functions to change following the enforcement
shock, which we use to identify the effectiveness of enforcement targeting this part
of the gang’s supply route.

Our model estimates show that borrowing problems and drug addictions lower
the bargaining power of pushers. Those with longer trade histories, gang affilia-
tions, and connections with businesses in which drugs are sold have higher bargain-
ing power. We use this model to simulate the effects of counterfactual enforcement
strategies.

First, we use the estimated model to simulate what the total quantity sold in the
market would have been in the absence of the enforcement shock. After the shock,
the gang had to find a new supply route, which increased unit costs, wholesale
prices, and end-user prices in certain drugs for approximately two months. Despite
the large increase in wholesale prices, pushers supplied a similar quantity to the
no-shock scenario. This is because end-user prices also increased in response to
the shock. Given this result, we argue that targeting this part of the gang’s supply
route is not particularly effective at reducing the total quantity sold in the market.
This is in line with the predictions of Becker et al. (2006) for products with inelastic
demand.

Second, we estimate the effectiveness of the authorities targeting pushers. We
do this by supposing the authorities manage to arrest a small subset of the actively-
trading pushers in one week. We find that such a policy leads to a larger decrease
in the total quantity sold in the following months. Targeting pushers with higher
bargaining weights, such as those with nightclub connections, has an even larger
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effect. This is because pushers with higher bargaining weights pay lower wholesale
prices and sell larger quantities. The remaining pushers also do not increase the
total quantity they sell for fear of arrest. The penalties for being caught with large
quantities of drugs are very severe in Singapore, as well as in many other Asian
countries.1

Due to a lack of data on the cost of enforcement, our results are not able to
comment on the optimal level of enforcement. However, market insiders we have
spoken to agree that the cost of arresting pushers was much lower than successfully
intercepting a large supply shipment during our sample period.2 Therefore, these
counterfactual simulations suggest that if the goal is to reduce the quantity of illicit
drugs sold in the market, then targeting pushers may be more effective than targeting
the gang’s shipments.

One reason Southeast Asia is an interesting context in which to study this market
is because of its large size. In 2018, 100 metric tons of methamphetamine were
seized in Southeast Asia, compared to 68 tons in the US (NETI, 2019; UNODC,
2020). Singapore is an important transit point used by many transnational gangs
in Southeast Asia (Emmers, 2003). Transnational gangs also view Singapore as a
very attractive market because Singaporeans have a much higher spending power
compared to other Asian countries (Teo, 2011).3

We make contributions to several strands of literature. First, we contribute to the
literature analyzing the effects of enforcement strategies on illegal drugs. Several
studies have found that supply interventions have only small effects on lowering
consumption (Dobkin et al., 2014; Dobkin and Nicosia, 2009; Cunningham and
Finlay, 2016; Mejı́a and Restrepo, 2008), whereas others have found significant
effects of enforcement on violence (Dell, 2015; Lindo and Padilla-Romo, 2018;
Gavrilova et al., 2019; Castillo et al., 2020). We contribute to this literature by

1In section A.13 in the Online Appendix, we also consider a counterfactual experiment where
we estimate a lower bound on the tax revenue that could be earned from legalizing ice.

2Intercepting a shipment may involve months of work and large monetary incentives for infor-
mants. They also stated that these monetary rewards would sometimes be proportional to the market
value of the drugs seized by the authorities as a result of the information provided, and these typi-
cally amounted to large sums.

3During our sample period, the GDP per capita of Singapore was more than 25 times that of
China’s.

4



using data from a gang’s own records – rather than administrative data – to study the
effectiveness of various enforcement strategies on the quantities sold in the market.

We also contribute to the literature on the structural estimation of models of the
illicit drug market. Based on the model in Galenianos et al. (2012), Galenianos and
Gavazza (2017) estimate a model of the interactions between sellers and end-users.
Sellers face a trade-off between “cutting” the drug and reducing its quality to rip off
new consumers, and selling them a high-quality product with the aim of building a
long-term relationship. Janetos and Tilly (2017) study how online reviews mitigate
adverse selection using a dynamic reputation model with scrapings from the dark
web. Jacobi and Sovinsky (2016) study the effect of marijuana legalization on de-
mand through increased access and reduced social stigma. This paper differs from
these by focusing on the upstream relationship between the gang and pushers rather
than the sellers and end-users.

We also contribute to the literature on the estimation of structural bargaining
models (Ho, 2009; Ho and Lee, 2017; Grennan, 2013; Crawford and Yurukoglu,
2012). Although our bargaining model is based on these, it differs in two dimen-
sions. First, we allow pusher demand to be continuous over multiple products,
rather than be discrete. Second, we allow the pusher’s relative bargaining power to
be a function of a large number of pusher characteristics and their trade history.

A companion paper to this is Lang et al. (2021) who use the same dataset to
study the effect of the enforcement shock on pusher quantity choices using a re-
gression discontinuity design. Finally, another related paper is Levitt and Venkatesh
(2000), which to our knowledge is the only other paper in the economics literature
which studies the financial records of drug-selling gangs. They focus on the com-
pensation of gang members at different levels of the gang’s hierarchy.

2 Setting and Data

2.1 Overview

The gang we study is a now-defunct Singaporean branch of a large transnational
gang that was active across several countries in Asia. The gang began operat-
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FIGURE 1: Drug supply chain

ing in Singapore in the 1990s where it mainly sold four drugs: methylenedioxy-
methamphetamine (ecstasy), nimetazepam (erimin), methamphetamine hydrochlo-
ride (ice, or crystal meth), and ketamine. We will refer to these drugs by their
shorter trade name throughout this paper. This gang was the only gang selling ice
in Singapore during our sample period, but there were many other gangs actively
selling ecstasy, erimin, and ketamine in the market. The gang imported ice, erimin,
and ketamine from abroad but it sourced its supply of ecstasy locally. The gang
then sold the drugs to pushers who then sold the drugs to end-users. Pushers are not
employees of the gang but are independent operators. They do not receive wages
from the gang and are residual claimants on the profits they earn from trading. The
supply chain is illustrated in Figure 1. The focus of this paper is how the gang and
pushers bargained over wholesale prices and quantities of the drugs.4

2.2 Trade Data

The gang recorded very detailed information about all of their dealings with each
pusher in a ledger. For each trade the gang made with a pusher, they noted the
date, the pusher’s nickname, how many units of each drug were sold to the pusher,
the quality levels of those drugs, the unit wholesale price paid by the pusher, and
the gang’s unit costs of the drugs. The ledger also contains paragraphs with de-
tailed personal information for every pusher the gang traded with. Each of these
paragraphs contains information on the pusher’s family, other jobs, contacts, ad-
dictions, debt levels, conviction history, as well as basic demographic information.
Our dataset is a digitized version of this accounting ledger which contains 2,774

4We refer the reader to Lang et al. (2021) for a more extensive description of the gang’s organi-
zational structure.
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trades between 352 different pushers over 51 weeks.5 Each trade can involve mul-
tiple products and we observe 8,402 trades in total at the product level. We have
been instructed by the IRB not to reveal the exact time period that the ledger is
from but we can reveal that our sample period is during the late 1990s. We also
complement these data with interviews and surveys with 105 ex-drug offenders and
ex-drug users who were active in this market during our sample period.6

One reason the gang kept such detailed records was to aid its decision-making
as the gang was in its formative period operating in Singapore. They used the
information to predict demand during seasonal spikes and to control their people
and the flow of goods. The gang obtained detailed personal information from all
pushers it traded with to ensure they were not undercover agents. This branch of
the gang also sometimes had to submit their accounting records to the international
superiors of their organization. In interviews with ex-drug offenders, they noted
that it was very common for large criminal organizations to record detailed data of
their transactions and pushers for these reasons. Drug-selling gangs in Southeast
Asia have also been described as operating like multinational corporations (Allard,
2019).

The gang’s record of the unit cost of each drug in each trade was calculated by
taking the total cost of the shipment the drug came from and dividing by the total
number of units in that shipment. The unit differs for each drug and is per tablet for
ecstasy, per slab (10 pills) for erimin, and per gram for both ice and ketamine. The
gang had very frequent shipments (often several per day) and did not keep a large
inventory. This cost is what the gang records as their cost for each particular trade.
Because the gang kept such detailed records of their trades, especially for pecuniary
matters, those we have interviewed stated that the gang would have recorded other
costs were they relevant for each trade.

The gang recorded three different quality levels for each drug. Over 95% of
trades in ecstasy and erimin were of the same quality and, for ice and ketamine,
over 99% of all trades were one of two qualities. Therefore for our analysis, we

5We can provide a redacted photograph of one page of the original book upon request.
6We discuss data sources, data authentication, replication procedures, and how we carried out

our interviews in sections A.2 and A.3 in the Online Appendix.
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Average Average Average Average Total
unit wholesale profit quantity number

Product cost price margin purchased of trades
Ecstasy 15.65 24.01 0.54 70.19 1791
Erimin 20.20 34.19 0.70 41.88 1222
Ice (High Quality) 88.69 165.94 0.90 10.30 1811
Ice (Low Quality) 78.89 146.11 0.88 10.95 1682
Ketamine (High Quality) 17.72 26.19 0.49 51.98 1144
Ketamine (Low Quality) 17.05 25.38 0.50 54.44 752

Prices are shown in Singaporean dollars, where US$1≈ S$1.70 during our sample period.
Units for costs, wholesale prices and quantities are per tablet for ecstasy, per slab (10
pills) for erimin and per gram for both ice and ketamine. The gang calculates unit cost by
dividing the total cost of the relevant shipment by shipment size.

TABLE 1: Summary statistics of completed trades.

aggregate the quality levels for ecstasy and erimin into a single quality and ice and
ketamine into two qualities, leaving us with six different drug-quality pairs. We also
aggregate trades that occurred between the same pusher and the gang in the same
calendar week. We sum the quantity purchased by the pusher for each product in
each week and take the quantity-weighted average wholesale prices and costs where
necessary. After both of these aggregation methods, we are left with 2,536 trades.

Average unit costs, wholesale prices, margins, and quantities for each drug are
shown in Table 1. On average, the gang earned the largest margins on its sales of
ice, which were 88% and 90% for low- and high-quality ice, respectively. For other
drugs, the margins vary between 49% and 70%. The gang was able to sell ice at
a higher margin because it was the only gang selling ice in the market during our
sample period, whereas there were other gangs actively selling the other drugs.7

Pushers typically purchased small quantities of each drug in each trade. This
can be seen in Figure 2, which shows the frequency of pushers purchasing different
quantities for each drug. They did this to avoid the harsh sentences that come with
larger quantities. Singapore has certain thresholds for the number of grams of a
drug where drug trafficking is presumed, which can carry a life sentence. There

7From interviews with ex-drug offenders, the large gangs typically had a monopoly on at least
one drug. Therefore our gang is not unique in the market by having a monopoly on ice.
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Erimin (slabs) Low quality ice (grams) Low quality ketamine (grams)

Ecstasy (tablets) High quality ice (grams) High quality ketamine (grams)
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FIGURE 2: Histograms of weekly number of units purchased by a pusher.

are also higher thresholds that have a mandatory death penalty.8 All 105 of the
ex-pushers we have interviewed stated they knew the penalties associated with traf-
ficking were more severe than possession. For ice, being caught with over 25 grams
is presumed trafficking, and being caught with over 250 grams carries a mandatory
death sentence. 82% of trades involved less than 25g of ice and the largest quantity
purchased at one time was 80g. Despite these thresholds, we do not observe any
bunching of ice purchases just below 25g.9 Instead, the modal quantity of ice pur-
chased is 10g. For other drugs, purchases of over 200 units occur, but they are very
rare. We also note that a pusher’s primary use of the drugs was to sell to end-users,
although some pushers did use a very small fraction of their purchases for their own
consumption.

Pushers also did not purchase a positive quantity of every drug in each trade.
There were only 10 trades where a pusher purchased all 6 of the different drug-
quality pairs. The modal pusher purchased 2 different products in a week and 69%

8The maximum sentences from Singapore’s Misuse of Drugs Act are shown in section A.5 in the
Online Appendix.

9We do not find evidence of bunching both before and after aggregating trades to the week level.
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of trades involved trades in fewer than 4 products. In our analysis, we model this as
censored data and model selection into trading explicitly.

There is large variation in the wholesale prices pushers pay per unit for each
drug.10 Pushers who purchase larger quantities on average pay a lower wholesale
price per unit, but we do not observe bundle discounts for pushers who purchase
several different types of drugs.11 We also do not find evidence of frequent cross-
subsidization across drugs. There are only 22 trades (0.26% of all trades) where the
wholesale price was lower than the gang’s unit costs. One ex-pusher we interviewed
told us: “do not think of the drug market like a vegetable market where you buy a
few different types of vegetables and expect a [bundle] discount.”12

In our trade data, 216 of the 352 pushers bought two different qualities of the
same drug on the same day. In trades where two qualities of the same drug were
purchased, the wholesale price was on average 19% higher for the higher-quality
version of the same drug. This is evidence that pushers knew the quality of the
drugs when trading. It is also unlikely that the gang cheated pushers with bad-
quality products, as 98% of pushers in our data had at least four trades with the gang
over our year of data. Pushers ripped off with bad-quality products would be less
likely to return. In interviews with ex-offenders, we were also told that pushers who
purchased large quantities and those who had long-standing relationships with the
gang were allowed to taste the products to determine their quality before purchase.

One underlying assumption in the model we present below is that there is no
asymmetric information between the gang and each pusher when bargaining over
wholesale prices. The pushers are informed of the gang’s costs and the gang is
informed of the pushers’ cost shocks. We believe this assumption fits our setting.
From our data, we know the gang had considerable information about the pushers
it sold to. The gang did this to ensure they were not undercover operatives. One ex-
drug offender we interviewed stated that “if no one knows you well, it is impossible

10Section Figure A.1 in the Online Appendix shows histograms of the average margins by pusher
for each product.

11We document the patterns we observe in our data regarding bulk and bundle discounts in section
A.4 in the Online Appendix.

12We note that the interviews we carried out for this paper were mostly conducted in Mandarin
Chinese and the quotations provided in this paper are translations. These translations exclude exple-
tives used by the interviewees.
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for you to buy or sell drugs. . . . We know everything about the people we deal
with.” The pushers also had knowledge of the gang’s unit cost of drugs at the time.
Out of the 105 respondents we interviewed, 94 of them said that they had access
to this type of information. Suppliers who tried to market to other gangs may also
demonstrate that prominent gangs were their customers, thereby indirectly releasing
this information to the market.

Another underlying assumption in our model is that pushers cannot trade drugs
amongst each other, which would undercut the gang’s ability to extract higher
wholesale prices from pushers in weak bargaining positions. The weight thresholds
that result in discrete jumps in punishment severity (such as the 25g threshold for
ice where drug trafficking is presumed) may have been an institutional feature that
contributed to the gang’s ability to bargain. The large penalties from being caught
with larger quantities precluded pushers that bought at lower wholesale prices from
making side trades. If all quantities had the same legal penalties, pushers that ex-
tract low wholesale prices would be able to buy large quantities for purposes of
reselling to other pushers.

2.3 Pusher Characteristics Data

For each of the 352 pushers, we also observe a large number of pusher character-
istics. Summary statistics of these characteristics are shown in Table 2.13 96% of
pushers are male and the median age is 30. Singaporean Chinese make up 88% of
pushers, with the remainder being either Malaysian Chinese or Singapore Indian.
Most pushers have low education levels: 38% of pushers have only primary educa-
tion, 5.7% are illiterate, and there are only five pushers with higher than secondary
education. Two-thirds of pushers are connected to the gang and approximately half
have a business connection, typically with karaoke establishments (KTVs), night-
clubs, or discotheques.14 58.5% have been arrested before, and out of those arrested

13Unlike many survey data sets, the gang’s information about the pushers it traded with have very
few missing observations. This is because the gang’s survival depended on thoroughly vetting the
pushers it traded with.

14The gang has different units such as the fighter unit or the intel unit. A pusher is affiliated with
the gang if they were previously in one of these units. We note that someone cannot be in one of
these units and be a pusher at the same time. We refer the reader to Lang et al. (2021) for further
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N Mean Std. Dev. Min. Median Max.
Age 352 32.09 8.71 19 30 52
Female 352 0.04 0.19 0 0 1
Married 352 0.12 0.33 0 0 1
Has children 352 0.27 0.45 0 0 1
Singaporean Chinese 352 0.88 0.32 0 1 1
Malaysian Chinese 352 0.08 0.27 0 0 1
Singapore Indian 352 0.04 0.20 0 0 1
Illiterate 352 0.06 0.23 0 0 1
Highest Education: Primary 352 0.38 0.49 0 0 1
Highest Education: Secondary 352 0.55 0.50 0 1 1
Highest Education: Higher 352 0.01 0.12 0 0 1
Unemployed 352 0.42 0.49 0 0 1
Employed part-time 352 0.12 0.33 0 0 1
Employed full-time 352 0.46 0.50 0 0 1
Monthly income (in $S) 350 858.86 838.40 0 1000 3500
Been in prison 352 0.59 0.49 0 1 1
Time spent in prison 352 2.03 2.45 0 1.4 14
Gang affiliation 352 0.66 0.47 0 1 1
Business connection with brothel 352 0.05 0.22 0 0 1
Business connection with KTV 352 0.38 0.49 0 0 1
Business connection with club/disco 352 0.24 0.43 0 0 1
Light drug addiction 352 0.39 0.49 0 0 1
Heavy drug addiction 352 0.30 0.46 0 0 1
Been in rehab 241 0.43 0.50 0 0 1
Alcoholic 352 0.28 0.45 0 0 1
Gambling addiction 352 0.62 0.49 0 1 1
Borrowing problem 352 0.58 0.49 0 1 1

TABLE 2: Summary statistics of pusher characteristics.

the median pusher spent three years in prison. Drug addiction is very common
among pushers, with 39% having a light addiction, 30% having a heavy addiction
and 43% having spent time in rehab.15 Alcoholism is less common at 28%, but 62%
and 58% have gambling addictions and borrowing problems, respectively.

The price discrimination that the gang engaged in can be related to the pusher
characteristics. In Table A.2 in the Online Appendix, we regress the gang’s price-
cost margin on many of these characteristics. We see that pushers with drug addic-
tions on average pay higher prices, as they are more desperate for cash. Pushers

information on the gang’s organizational structure.
15There is a substantial literature documenting gang members engaging in drug use. See Fagan

(1989), Esbensen and Huizinga (1993), Howell and Decker (1993), Harper et al. (2008) and Swahn
et al. (2010).

12



20

40

60

80

0 10 20 30 40 50

Week

N
um

be
r 

of
 a

ct
iv

e 
pu

sh
er

s

FIGURE 3: Number of active pushers trading per week

with connections with businesses in which drugs are sold pay lower prices, as these
pushers are more valuable to the gang. More experienced pushers, such as those
with longer trade histories, also pay lower prices on average.

Pushers started and stopped trading with the gang throughout the year, where
the median pusher traded with the gang for 7 weeks. Figure 3 shows the number of
active pushers by week in our data, where a pusher is active in a week if it purchased
a positive quantity of any drug in that week. In the first two months, the number of
pushers was smaller because the gang was still growing. Between weeks 10 and 49,
the number of active pushers per week varied between 45 and 78. The number of
pushers fell in the final two weeks as this was a holiday period. During the holiday
period, there is a greater number of alternative employment opportunities, but there
is also an increase in enforcement activities which would lead to more arrests. The
majority of active pushers trade in consecutive weeks, although a smaller number
of pushers will start and stop trading at different points in the year.

We take entry and exit into being a pusher as exogenous in our model. This is
in part because our data set is not well-suited to these decisions but we also believe
it is a reasonable assumption about the data, at least for answering our questions.
Here, we describe the determinants of becoming a pusher. In general, there is no
free entry into trading with the gang. The gang initiated the recruitment of pushers
through their network of contacts. The gang recorded who made the introduction
with each pusher in their ledger. The majority of pushers were introduced to a
gang member by their non-gang friends. They were also sometimes introduced to
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them by other gang members, other pushers, or they were previous clients of the
gang. The gang also hired new pushers at a slow rate and never hired too many
new pushers at one time. One ex-drug offender we interviewed stated “if we get
too many members too quickly, the authorities will focus on us. We will do what
everyone else does so we will look like the same as everyone else.” For the same
reason, the gang would ensure their total number of pushers did not greatly exceed
that of rival gangs. In this sense, entry into becoming a pusher was affected by
many factors that limit the role of endogenous entry.

Our data also contain the reason why pushers stopped trading with the gang.
At least 36% of pushers in our sample were arrested, whereas 57% of pushers stop
trading for other reasons. The remaining 7% of pushers were fired by the gang.
Although some of the 57% may have been arrested, pushers were also free to stop
selling for the gang without penalties. From interviews with ex-drug offenders, the
arrival of an exogenous event (rather than conditions in the drug market) is what
caused virtually all pushers they know of to quit selling drugs. Pushers often quit to
pursue other lucrative illegal employment opportunities. These other employment
opportunities were often in the illegal gambling sector, which they chanced upon
while selling drugs. We do not observe these exact reasons for the pushers in our
data, but they appear to be uncorrelated with market-related variables. In partic-
ular, one way to evaluate whether endogenous entry and exit is important for our
questions about the effect of enforcement is to evaluate entry and exit during the
enforcement period. In Figure A.2 in the Online Appendix we show the number of
pusher entries and exits per week. The are no visible patterns nor any changes that
coincide with major events such as the enforcement shock. In Table A.1 we run
logit regressions of entry and exit on a dummy for the enforcement shock period
and find no significant effect.16

In our model, we assume the pusher disagreement payoff is zero because push-

16Furthermore, internal gang rules prohibit the pushers from revealing anything they know about
the gang if they choose to exit. Otherwise, these pushers would be subject to extreme punishment.
According to market insiders, the top priority of the authorities is to seek out and eliminate drug-
selling gangs that use any type of verbal or physical criminal force to intimidate anyone to get
involved with the drug trade. The goal of the transnational gang leadership is to “avoid doing
anything that may cause the authorities to focus on their operations and make as much money as
possible.”
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ers trade with only one gang. All 105 of the ex-pushers we have interviewed stated
that they traded exclusively with one gang and did not trade with multiple gangs.
They provided several reasons for this. First, all gangs would only sell to pushers
that they knew and trusted. Pushers could not buy drugs from another gang with-
out first spending time and resources to earn their trust. Second, there would be a
higher risk of arrest in doing so. If pushers dealt with multiple gangs, they would
have to reveal themselves to more people, and thus stand a higher risk of exposing
themselves to undercover operatives. Third, they knew it was unlikely that they
would be able to obtain lower prices by trading with multiple gangs. One example
response from an ex-pusher that we asked this question to was: “No, me and people
I know do not do this. . . if you are no good, it doesn’t matter how many people you
visit, people will not give you anything good. We do not go here and there [different
gangs] because there is no point.”17

2.4 End-User Market

We do not observe the individual interactions between the pushers and end-users
in our data, but from interviews with ex-offenders, ex-users, and police reports,
we have information about the structure of the market in which they traded dur-
ing our sample period. At the time, the end-user market in Singapore was highly
competitive as there were many buyers and many pushers selling nearly identical
products.18 The search costs for trading were also low because a large proportion
of trades occurred in the Geylang area, Singapore’s red light district.19 There are
roughly 3.5km of road in Geylang, which was a hot spot for drug dealing (Lee,

17In section A.6 in the Online Appendix, we provide evidence from our interviews that the average
pusher that trades with the gang we have data on is not substantially different to the average pusher
trading with other large gangs that were in operation at the time.

18From the 1980s to the 1990s, there was significant growth in the number of new drug addicts
in Singapore (Chua, 2016). For example, the number of heroin users was at its peak in the 1990s
(Teo, 2011). There were also many pushers from many gangs selling drugs at the time. From
our interviews, there were 10 large gangs (those with over 350 members), 5 medium-sized gangs
(between 150-350 members) and approximately 17 smaller gangs. These smaller gangs made up
less than 10% of the market.

19From our surveys, 101 out of 105 respondents stated Geylang was the location with the most
drug sales. At any given time, pushers from all of the 10 largest gangs were selling there. See Li
et al. (2018) for a more extensive description of Geylang.
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2014).
Pushers from different gangs sold drugs on the street and in clubs and karaoke

bars in the district. Each gang, including the gang we study, claimed a few lanes
as their turf. In some instances, pushers paid rival gangs a fee to sell drugs on rival
turf.20 According to the ex-pushers we have interviewed, selling drugs in Geylang
was highly competitive between pushers, even between pushers of the same gang.
For example, any pusher selling ice in our data would normally be at most 50 meters
away from another pusher selling the same products. Those we have interviewed
stated that whenever a customer came to a place where drugs were sold, the pushers
operating there would all try to sell to that consumer. They also stated that this high
degree of competitiveness was the same for all drugs sold in Geylang.21

From interviews with end-users, a typical end-user would contact 3-7 pushers
before going to the district. For end-users, it was easy to collect information about
availability and prices as all the gangs were operating very close by. End-users
were able to travel freely within Geylang to purchase drugs from the different lanes
where different drugs were sold. 92.4% of those we surveyed stated that they did
not observe price differences for the same drug at the same time in a particular
location, even across different gangs. There are also several other neighborhoods in
Singapore that operated in a similar way, such as Bukit Merah and Tanjong Pagar.
Because Singapore is a small country (50×27km in area), any end-user was very
close to an area where many pushers were selling different drugs.

End users were also less worried about being the target of enforcement because
the authorities focused their efforts on targeting sellers. According to the ex-pushers
we have interviewed, the authorities chose to focus their efforts on individuals that
are in possession of large quantities of drugs instead of users, who typically possess

20Most gangs in Asia will try to ensure that large-scale violence does not break out across rival
gangs when working in close proximity to one another in order to evade detection by the authorities.
This is consistent with statements released by law enforcement officials. According to Allard (2019),
the police in another Asian country claim that “the money is so big that long-standing, blood-soaked
rivalries among Asian crime [drug] groups have been set aside in a united pursuit of gargantuan
profits.”

21According to those we have interviewed, this was also the case for drugs that different gangs
had a monopoly on. In our data, 313 of the 352 pushers in our data sold ice and the median number
of pushers selling ice in any given week was 42. Therefore, even though the gang we study had a
monopoly on ice, the pushers that sold it competed with one another for customers.
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much smaller quantities. They stated this was because the authorities lacked man-
power and resources at the time. The penalties for possession and consumption are
also much less severe than trafficking. Criminal organizations also often obstructed
police from entering into Geylang, which protected end-users from enforcement
activities (Ministry of Home Affairs, 2014). Singapore had an “exceedingly low
ratio” of police officers to population compared to cities such as Hong Kong, New
York, and London (Hussain, 2014). During our sample period, the authorities did
not have the modern technologies that are available to law enforcement today. This
meant that the authorities faced challenges policing the large number of gangs in
operation at the time. Ex-offenders we interviewed said that “unlike today, the drug
situation at that time was a big problem.” Furthermore, market insiders claim that
Singapore started from a low base and acquired its modern-day reputation of strong
enforcement over many years in part due to acquiring the necessary resources and
the knowledge of the difficulties of conducting enforcement during this period.

End users can also substitute easily across drugs. Approximately 80% of ex-
users we have interviewed said they substituted from one drug to another depending
on what was available. Different end-users substitute to different drugs. For exam-
ple, some substituted ice with heroin, whereas others substituted ice with erimin.

In interviews with ex-pushers, we asked what they would do if their own costs
increased temporarily by 10-20%, while other pushers’ costs remained the same.
The vast majority stated that they would not try to pass on any of this cost increase
to end-user prices, further highlighting the competitiveness of the end-user market.

Given these features of the end-user market, we approximate the end-user mar-
ket as competitive in our model and assume that pushers take the end-user price
as given. We assume that the end-user prices for each drug were fixed through-
out our year of data, with the exception of the period following the enforcement
shock (discussed further in the next subsection).22 We obtain end-user prices from
various reports and from interviews with ex-drug offenders where they recalled the
end-user prices from our sample period. The values from the reports fall within the

22We interviewed an additional 34 ex-pushers that operated during the time of our data set and all
34 agreed that prices were stable over time except for after major shocks, such as the enforcement
shock we observe in our setting. This is discussed further in section A.7 in the Online Appendix.
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Product Unit Price (in S$)
Ecstasy Tablet 43
Erimin Pill 8
Ice (high quality) Gram 280
Ice (low quality) Gram 240
Ketamine (high quality) Gram 50
Ketamine (low quality) Gram 45

TABLE 3: End-user prices in Singaporean dollars

ranges provided by the ex-drug offenders. Table 3 shows the end-user prices we
use for each drug.23 At these prices, pushers earn considerable gross margins over
the wholesale price, with the median equal to 85%. However, pushers have other
costs, such as purchasing untraceable phone cards, vetting costs, transport costs,
and in rarer cases, bribes. Therefore, their actual profit margins are much smaller
than this. A majority of ex-pushers we have interviewed stated that they “didn’t get
rich from selling drugs”. For instance, 104 of 105 of our survey respondents stated
that they were not able to afford bail after being arrested.24

2.5 Enforcement and Supply Shocks

Our sample period contains shocks that had effects on the gang’s unit costs for
drugs. The largest of these was an enforcement shock where the authorities ar-
rested some of the jockeys hired by the gang and seized their products. Jockeys are
delivery experts hired by the gang to transport drugs from the supply source to the
gang. The authorities intercepted the jockeys while transporting the drugs across
the borders of a Southeast Asian country into Singapore. This event disrupted the
gang’s operations as the gang had to find other means to obtain the drugs, which
raised their unit costs. After the enforcement event, new delivery routes and jockeys
had to be secured, which took several weeks.

23The sources we used to obtain these figures are described in detail in section A.7 in the On-
line Appendix. We also discuss confirmatory evidence from ex-pushers we interviewed and the
consequences of any measurement error in these data for our model estimates and counterfactual
simulations.

24Bail was set at roughly S$30,000-S$50,000 during our sample period.
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FIGURE 4: Average unit cost and wholesale price by week.

Figure 4 shows the average weekly unit cost to the gang and the wholesale price
that pushers pay for each product. The enforcement shock occurred in week 13
and its effects lasted until week 21. This raised the unit costs of all drugs except
ecstasy, which was sourced locally so was unaffected by the raid.25 We can see that
the shock also correspondingly increased the weekly average wholesale price of the
drugs. In week 30, the gang found a cheaper supplier for ice which lowered their
unit costs by approximately 14%. This persisted for several weeks before falling
again towards the end of the year. These cost savings were partially passed on to
the pushers in the form of lower wholesale prices.

Although there was a clear change in unit costs and wholesale prices following
the enforcement shock, its effect on quantities is less clear. Figure 5 shows the total
quantity sold to all pushers in each week for each product. There is considerable
noise in the total quantity sold at the product-week level and there is no clear change

25The unit costs for ecstasy fluctuated between S$15-17 per unit throughout the year, but these
fluctuations were not related to the arrests of the jockeys.
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FIGURE 5: Total units sold per week.

in total quantities following the enforcement shock. However, from the figure, we
do observe significantly less sold at the beginning and end of the year. This is
mostly due to the number of active pushers during those times (see Figure 3).26

Interviews with ex-drug offenders confirm that, at the time of the enforcement
shock, there was only one large gang of jockeys that delivered drugs to virtually
every gang in the country. Therefore, the supply disruption affected all gangs op-
erating in Singapore and temporarily changed end-user prices in the market.27 In-
terviews with ex-offenders also confirm that end-user prices did indeed increase in
these drugs following the shock. We will model the gang’s residual demand curve
and allow for market end-user prices to change in the period following the en-
forcement shock. The shock did not affect the gang’s unit costs for ecstasy, which

26The lower quantities observed at the beginning of the year are unlikely to be due to learning. The
gang we study was active in several other Asian countries before trading in Singapore and therefore
had obtained the relevant knowledge and experience to run their operations there. They also hired
experienced people to run their operations and would have collected any necessary information
before entering the market.

27We note that if a single pusher’s costs increase, then pushers will not charge a higher price to end
users. However, if the costs increase for all pushers (through the gangs passing on cost increases),
then the end-user price of the product may adjust.
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was sourced locally. Interviews with ex-offenders indicated that other gangs also
sourced ecstasy locally, so they also would not have been affected by the shock.28

We also note that during our sample period there were no other major events,
such as a recession, other than the events already described, namely the enforcement
shock and the large reductions in ice unit costs later in the year. We have confirmed
this in interviews with ex-drug offenders who operated during the sample period.

3 Model

3.1 Overview

In this section, we develop a model designed to capture the key features of the illicit
drug market in our setting. These features are as follows. (1) The gang obtains drugs
from their suppliers and sells the drugs to pushers. (2) Pushers are not employees
of the gang and do not obtain a fixed wage. Rather, pushers earn profits by reselling
the drugs to end-users. (3) The gang engages in price discrimination and charges
different pushers different prices for the same drug. (4) Pushers typically buy small
quantities of any drug at one time because the penalty upon arrest is increasing in
quantity. (5) Pushers only purchase a subset of all products in any given week. (6)
Pushers take the end-user price as given because the end-user market is competitive.

We model the payoffs of the gang and the pushers and assume that wholesale
prices are determined through bilateral Nash bargaining. We then estimate the pa-
rameters of this model and use it to simulate the effectiveness of various enforce-
ment strategies.

28Different Asian countries and regions have their own comparative advantages in producing dif-
ferent types of drugs and these advantages evolve over time. For example, according to the US
Department of State (2000), China is a major producer of drug precursor chemicals and is emerg-
ing as a key production hub for ice and other synthetic drugs. Marijuana is grown throughout the
Philippines, whereas Laos is a major source of opium. There is also evidence of ecstasy production
in Singapore from a police bust that occurred near our sample period (The Straits Times, 1999).
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3.2 Pushers

There is a set of N pushers, N = {1, . . . ,N}, who trade with the gang. Each period
t, a subset Nt ⊂N of the pushers is actively trading. If pusher i is actively-trading
at time t, they choose quantities qi jt for each product j = 1, . . . ,J to maximize their
expected payoff. Each product j is a drug-quality pair. We follow Becker (1968)
and model the expected payoff from purchasing the vector qit ∈ RJ

+ as:

ui (qit) =
J

∑
j=1

(
p jt−wi jt−ξi jt

)
qi jt−αtKt (qit)

Pushers sell product j to end-users at price p jt . Pushers take the end-user price
as given because the retail market for drugs is competitive. The pusher purchases
product j from the gang at wholesale price wi jt . The term ξi jt is an idiosyncratic
cost representing other monetary and non-monetary costs from selling drugs. These
costs are correlated over time within a drug, and are correlated across drugs within
a time period. The probability of arrest in each period is αt and the disutility from
arrest is Kt (qit) which depends on quantity. This is because pushers who are caught
selling larger quantities face more severe punishment. Following Becker (1968),
we assume the payoff from selling drugs is earned both when arrested and not ar-
rested.29

We assume the disutility from arrest is a quadratic function of quantity given
by:30

Kt (qit) =
1
2

J

∑
j=1

κ jtq2
i jt

Pushers make static demand decisions in each period t. Taking first-order condi-
tions, pusher i’s demand for product j at the wholesale price vector wit is given

29The pusher payoff specification we use differs from an earlier draft of this paper. We discuss
these differences in section A.10 the Online Appendix.

30We choose here not to incorporate the legal thresholds for possessing different quantities of
each drug that results in a discrete jump in the severity of punishment. We do this because we do
not observe significant bunching just below these thresholds for the different drugs in our data that
would allow us to identify the effects of these thresholds.
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by:

qi jt (wit) =


p jt−wi jt−ξi jt

αtκ jt
if p jt ≥ wi jt +ξi jt

0 otherwise
(1)

We assume pushers are not forward-looking in their quantity choice. In our setting,
pushers do not stockpile drugs when prices are low. In our data, we observe pushers
buying small quantities each week, partly explained by the harsh sentences upon
detection. Ex-pushers we have interviewed also stated that they tried to sell all of
their drugs as quickly as possible after each trade for this reason. Pushers also do
not trade with the gang for long periods of time. The median pusher trades with
the gang for only 7 weeks and 94% of pushers trade with the gang for less than 4
months.31

Our payoff specification also assumes pushers are risk neutral. Experimental
evidence such as in Block and Gerety (1995) and Khadjavi (2018) has found that
criminals are significantly less risk averse than non-criminals. Our own qualitative
interviews and survey data also suggest pushers are willing to accept risk for higher
expected returns. This evidence is discussed further in section A.8 in the Online
Appendix.

3.3 Gang Profits

The gang sells drugs to the actively-trading pushers in each period t. The marginal
cost of drug j being sold to a pusher at time t is c jt . We assume there are time-
varying fixed costs for the gang (for example, storage costs, assistant wages and
costs associated with importing), but the gang has no fixed costs associated with
each individual trade. Given the gang kept such detailed accounting records of their
trades, the gang would likely have recorded any trade-specific fixed pecuniary costs
if there were any. The fixed costs in each time period are given by FCt . The gang’s

31See section A.9 in the Online Appendix for information from our qualitative interviews, survey
data and relevant literature that further supports this assumption.
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profits in period t are then:

πt
(
{wit}i∈Nt

)
= ∑

i∈Nt

J

∑
j=1

(
wi jt− c jt

)
qi jt (wit)−FCt

The total payoff of the gang at time t is the sum of profits from trading with each
pusher minus their time-varying fixed costs. We further assume that the incentives
of the gang members executing these trades are aligned with the gang and we ab-
stract away from any principal-agent problems that may exist within the gang.

3.4 Nash Bargaining

We assume wholesales prices are determined through bilateral Nash bargaining be-
tween the gang and the pushers. At wholesale prices wit , pusher i’s surplus from
trading is given by their indirect utility function:

vit (wit) =
J

∑
j=1

1
{

p jt ≥ wi jt +ξi jt
} (p jt−wi jt−ξi jt

)2

2αtκ jt
(2)

where 1
{

p jt ≥ wi jt +ξi jt
}

equals 1 if p jt ≥ wi jt + ξi jt and is zero otherwise. We
assume pushers trade exclusively with one gang and have a zero disagreement pay-
off. If the gang sells qit to pusher i at time t at prices wit , the gang’s surplus from
that trade is equal to:

πit (wit) =
J

∑
j=1

(
wi jt− c jt

)
qi jt (wit) (3)

The fixed cost is sunk and does not enter into the gang’s surplus for an individual
trade. The wholesale prices that result from bargaining are then those that maximize
the Nash product of the gang’s and pusher’s surplus from trading:

wit = argmax
w̃it∈Wit

[πit (w̃it)]
1−βit [vit (w̃it)]

βit (4)
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where βit ∈ (0,1) is pusher i’s bargaining weight, 1−βit is the gang’s bargaining
weight and:

Wit =
{

w̃it ∈ RJ : w̃i jt ∈
[
c jt +ξi jt , p jt

]
∪
{

p jt−ξi jt
}
∀ j
}

This is the set of possible wholesale prices at the gang’s marginal costs, c jt , the
pusher’s idiosyncratic marginal cost, ξi jt , and end-user prices, p jt . The negotiated
wholesale price for product j must be between the sum of the gang’s marginal cost
and the pusher’s idiosyncratic marginal cost, c jt +ξi jt , and the end-user price, p jt .
If c jt + ξi jt > p jt , then

[
c jt +ξi jt , p jt

]
= ∅ and the wholesale price for product j

that maximizes the Nash product is p jt − ξi jt . At this wholesale price, no trade
occurs in that drug as the pusher’s demand is zero. This constraint, along with our
specification of the bargaining model, does not permit the gang to cross-subsidize
across drugs. We do not observe evidence of cross-subsidization in our setting.32

Taking derivatives of equation (4) with respect to wi jt for the interior case of
p jt > c jt +ξi jt yields the first-order conditions:

(1−βit)(p jt + c jt −2wi jt −ξi jt)

[
J

∑
j′=1

1
{

p j′t > wi j′t +ξi jt
} (p j′t −wi j′t −ξi jt

)2

2αtκ jt

]

=βit (p jt −wi jt −ξi jt)

[
J

∑
j′=1

(
wi j′t − c j′t

)
1
{

p j′t > wi j′t +ξi jt
} p j′t −wi j′t −ξi jt

αtκ jt

] (5)

which implicitly determines the optimal wholesale prices for all products where
p jt > c jt + ξi jt . In general, there is no closed-form solution for the wholesale
price vector wit , but iterative methods can be used to solve for it. To provide
some intuition for this optimality condition, we can solve for the optimal whole-
sale price analytically in the special case where p jt > c jt +ξi jt for a single product
and p j′t ≤ c j′t + ξi j′t for all other J− 1 products j′ 6= j. In this special case we
obtain:

wi jt = βitc jt +(1−βit)

(
p jt−ξi jt + c jt

2

)
If the pusher’s bargaining coefficient βit approaches one, which corresponds to the
pusher holding all of the bargaining power, then the wholesale price approaches the

32As discsussed in 2.2, our raw data contains only 22 trades (0.26% of all trades) where the
wholesale price was lower than the gang’s unit costs.

25



gang’s marginal cost c jt . In this case, the pusher receives the entire surplus from the
trade. As the pusher’s bargaining coefficient approaches zero, which corresponds to
the gang holding all of the bargaining power, then the wholesale price approaches
pi jt−ξi jt+c jt

2 and the pusher’s payoff is zero. This is the price that a monopolist would
charge.

4 Estimation

4.1 Parameterization

We assume the bargaining weight for pusher i at time t is a function of their char-
acteristics and trade history with the gang. We include sociodemographic variables
and indicators for addictions, borrowing problems, and business connections. The
majority of the characteristics do not vary over time in our sample. For example,
we do not observe pushers who develop addictions or large debts during our sam-
ple period. The median pusher trades with the gang for only 7 weeks and 94% of
pushers trade with the gang for less than 16 weeks. Therefore, it is unlikely that
intertemporal variation in pusher characteristics is important. To capture how the
bargaining relationship may vary over time for a pusher, we allow the bargaining
weight to vary with the number of trades pusher i completed before week t. For the
bargaining weight, we adopt the following functional form:

βit = Φ

(
x′itθ

β

)
where Φ(·) is the cumulative distribution function of the standard normal distribu-
tion, the vector xit contains the pusher characteristics and trade history and θ

β is a
vector of parameters to be estimated. This functional form is chosen to ensure the
bargaining weights lie within the unit interval.

We assume the end-user prices p jt are fixed throughout the year at the prices
given in Table 3 with the exception of the period following the enforcement shock.
As the shock affected all pushers from every gang in the country, it temporar-
ily changed equilibrium prices in the end-user market. We parameterize end-user

26



prices as:
p jt = p̄ j +θ

e
j et , j = 1, . . . ,J

where each p̄ j is the corresponding price in Table 3 and et = 1 during the weeks
following the enforcement shock and is zero otherwise. The terms θ e

j for each j are
parameters to be estimated. Even though the enforcement shock did not affect the
gangs’ costs in ecstasy, we allow its market price to change as potential substitution
from other drugs may affect the ecstasy market.

The idiosyncratic marginal costs ξi jt are an important element of the economet-
ric model. To interpret these shocks, we rely on our interview evidence about the
setting. From interviews with ex-drug offenders, pusher marginal costs can change
week by week for several reasons. Pushers purchase untraceable phone cards on
the black market and if suppliers are arrested the price of the cards may change.
Pushers must also vet their customers to ensure they are not undercover officers. If
the pusher has more customers that they are unfamiliar with in a certain week, this
cost will increase. Many pushers rent a vehicle from friends or associates for short
periods of time which can vary in cost. In rare instances, pushers may also need
to bribe law enforcement officers. These idiosyncratic costs also have a product-
specific component which represents the cost of finding consumers for that partic-
ular drug in a week. We allow these cost shocks to be correlated over time for a
pusher within a drug, and we also allow them to be correlated across drugs within
a time period. If a pusher’s regular customers demand more of a product in one
period, it is possible they may demand more of it in the following period. Similarly,
if a pusher’s customers mix complementary drugs together, these shocks may be
correlated across products. Specifically, we model these shocks according to:

ξi jt = ρ jξi jt−1 +νi jt for j = 1, . . . ,J and ν it ∼N (µ,Σ)

The shock for pusher i for product j in a period t is a function of its lagged value
ξi jt−1 and a contemporaneous shock νi jt drawn from a multivariate normal distri-
bution which permits the shocks to be correlated across drugs, j. Each of the ρ j, µ j

and elements σ jk of Σ are parameters to be estimated.
The probability of arrest and the disutility from arrest enter into the pusher’s

27



indirect utility and demand functions as the product αtκ jt . We do not separately
identify αt and κ jt but we parameterize the product of these terms as:

αtκ jt = θ
ακ
j +θ

ακe
j et for j = 1, . . . ,J

Each drug has a base θ ακ
j term which is allowed to change during the enforcement

shock by θ ακe
j .33

The gang’s surplus from a trade is given by πit (wit) =∑
J
j=1
(
wi jt− c jt

)
qi jt . The

wholesale price and quantities are directly observed in the data. We assume that the
unit cost recorded by the gang approximates the gang’s actual marginal cost for a
trade. As the gang kept such detailed records of all their dealings with pushers, if
there were any other meaningful costs associated with a particular trade, they would
have recorded it in their ledger. Therefore, we treat the gang’s surplus πit (wit) as
fully observed in our data and therefore it does not require parameterization.34

Finally, we also need to specifyNt , the set of active pushers in each week as we
treat entry and exit into trading as exogenous. In estimation, a pusher is active if it
purchased a positive quantity of at least one drug in a week.

4.2 Simulated Method of Moments

The full vector of parameters to be estimated is:

θ =

(
θ

β ,
{

θ
e
j ,ρ j,µ j,

{
σ jk
}J

k= j ,θ
ακ
j ,θ ακe

j

}J

j=1

)
We estimate θ using the continuous-updating simulated method of moments esti-
mator (Hansen et al., 1996). Given a trial value of the parameter vector θ , we can
simulate paths of the cost shocks ξi jt for each pusher. With these cost shocks, we

33We could also allow pusher heterogeneity to enter into αtκ jt and thereby allow the expected
disutility terms to vary over i. However, after some experimentation with this approach we have
found that our more parsimonious specification is able to capture the main patterns observed in the
data well.

34In principle, we could allow for the gang’s actual marginal cost to be the unit cost in the data
plus a mean-zero shock. However, in our data the variance of this shock is not separately identified
from the variance of the pushers’ cost shocks. We discuss this point formally in section A.11 in the
Online Appendix.
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can calculate the wholesale prices wit that satisfy the Nash bargaining first-order
conditions in equation (5). As we do not have a closed-form solution for wit , we
compute the vector of wholesale prices using iterative methods. Our fixed point
procedure is described in detail in section A.12 in the Online Appendix. Once we
have computed the bargained vector of wholesale prices, we can calculate pusher
demand for each product using the demand function in equation (1).

Let w̃i jts (θ) and q̃i jts (θ) be the simulated wholesale price and quantity in simu-
lation s with the trial parameter vector θ . With ns simulations, we obtain estimates
of the expected wholesale price and quantity for drug j for pusher i at time t condi-
tional on trading according to:

w̃i jt (θ) =
∑

ns
s=11

{
q̃i jts (θ)> 0

}
w̃i jts

∑
ns
s=11

{
q̃i jts (θ)> 0

}
q̃i jt (θ) =

∑
ns
s=11

{
q̃i jts (θ)> 0

}
q̃i jts

∑
ns
s=11

{
q̃i jts (θ)> 0

}
We also calculate the participation probability r̃i jt (θ) for pusher i who is active at
time t making a trade in drug j using:

r̃i jt (θ) =
∑

ns
s=11

{
qi jts > 0

}
ns

To calculate w̃i jt (θ), q̃i jt (θ) and r̃i jt (θ), we simulate ns = 1,000 paths of ξi jt over
time for each pusher. For moments, we match the average wholesale price, quantity
and participation probability for each product-week combination with their coun-
terparts in the data. The empirical counterpart of the participation probability is an
indicator if pusher i purchased any of product j at time t in the data. As we use a
continuous-updating weight matrix, it accounts for the moments being scaled dif-
ferently for different outcomes and products. To account for simulation error when
calculating standard errors, we inflate the variance-covariance matrix by 1+ 1

ns . We
cluster standard errors at the pusher level.

We now provide a heuristic discussion of what variation in our data identifies
each of our parameters. The bargaining coefficient parameters θ

β are identified
through variation in wholesale prices across pushers with different characteristics.
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The changes in the end-user prices of each product during the enforcement shock
period, θ e

j , are identified through the pass-through of the gang’s unit cost increases
on wholesale prices. The pusher cost means, µ j, and the expected disutility terms,
θ ακ

j , are identified through the quantities pushers purchase given the wholesale
price. Conditional on purchasing a product, µ j enters into the intercept of the linear
pusher demand function and θ ακ

j enters into the slope. Thus the θ ακ
j are identified

through changes in the pusher’s demand from changes in the wholesale price. The
changes in the expected disutility terms, θ ακe

j , are identified through the changes
in the pushers’ demanded quantities during the enforcement shock period. The
pusher cost standard deviations, σ j, are identified through the average proportion
of weeks active pushers purchase the product. The cost autocorrelations, ρ j, are
identified by the frequency of the same pusher purchasing the same product across
weeks. Finally, the cost correlations across products are identified by the frequency
of pairs of products begin purchased together by pushers.

5 Estimation Results

Table 4 shows the estimates of our bargaining coefficient parameters, θ β . Heavy
drug addictions and borrowing problems reduce a pusher’s bargaining power. This
is intuitive, as these pushers are more desperate for cash. Gambling addictions
do not have a statistically significant effect on the bargaining parameter, but this
may be explained by 70% of pushers with gambling addictions having a borrowing
problem. Older pushers, unemployed pushers, and those with a gang affiliation have
more bargaining power. This is because these pushers are often more experienced
traders. Business connections with brothels and nightclubs are more valuable to
pushers than connections with karaoke establishments.

There is also some evidence of price discrimination across nationality, ethnicity,
and gender. Malaysian Chinese have less bargaining power and Singapore Indians
have more bargaining power than the base group of Singaporean Chinese. Although
not statistically significant, ex-drug offenders stated that the small number of Indian
pushers (13 in our data) were more valuable to the gang because it opened up the
Indian market to them, which raised their bargaining power. Similarly, the female
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Constant −1.751 (0.080) Club connection 1.836 (0.206)
Trade history 0.164 (0.018) Unemployed 0.082 (0.037)
Heavy drug addict −0.114 (0.041) Age 0.013 (0.001)
Alcoholic −0.055 (0.035) Female 0.242 (0.190)
Gambling addict 0.019 (0.014) Malaysian Chinese −0.804 (0.233)
Borrowing problem −0.110 (0.039) Singapore Indian 0.098 (0.114)
Been in prison −0.218 (0.050) Married −0.029 (0.042)
Gang affiliation 0.223 (0.053) Has children 0.146 (0.059)
Brothel connection 0.807 (0.210) Has primary education 0.070 (0.025)
KTV connection 0.157 (0.045) Has secondary education −0.108 (0.038)

TABLE 4: Bargaining parameter estimates. Standard errors in parentheses.
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FIGURE 6: Histogram of the average estimated bargaining weights by pusher.

pushers (13 in our data) were also valuable to the gang because it further opened up
the female market to them. Those with primary education have greater bargaining
power than illiterate pushers, but having further education does not improve one’s
bargaining power. This may also be related to experience on the street.35

Figure 6 shows a histogram of the average estimated bargaining weights by
pusher. We can see that the gang has relatively more bargaining power than most
pushers. 73% of the estimated pusher bargaining weights are below 0.5 and the
median bargaining weight is 0.28. There is also considerable heterogeneity across
pushers, with bargaining weights spanning the entire unit interval.36

The remaining parameter estimates which relate to the pusher demand function

35In Table A.2 in the Online Appendix we show a regression of the gang’s mark-up on these
characteristics. Our structural estimates are consistent with these reduced-form estimates.

36In Figure A.3 in the Online Appendix we show the histogram of bargaining weights for all
pusher-weeks.
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High Low High Low
Quality Quality Quality Quality

Ecstasy Erimin Ice Ice Ketamine Ketamine
Expected disutility θ ακ

j 0.22 0.60 0.49 0.38 0.30 0.28
(0.01) (0.04) (0.02) (0.01) (0.02) (0.01)

Change during enforcement period θ ακe
j −0.03 0.01 0.17 0.21 −0.03 0.02

(0.02) (0.07) (0.06) (0.03) (0.02) (0.03)
Enforcement period price change θ e

j −0.21 0.76 21.80 21.64 5.07 −0.17
(0.34) (2.19) (1.57) (0.63) (0.80) (1.37)

Pusher cost mean µ j 10.04 57.05 20.35 21.58 32.90 40.57
(0.08) (0.35) (0.36) (0.15) (0.12) (0.08)

Pusher cost standard deviation σ j 22.25 48.97 43.60 39.98 31.13 36.36
(0.34) (1.58) (0.79) (0.66) (0.82) (0.14)

Pusher cost autocorrelation ρ j 0.44 0.14 0.09 0.10 0.19 0.20
(0.01) (0.01) (0.00) (0.00) (0.00) (0.00)

Pusher cost correlations across products:
Ecstasy 1.00 0.15 0.11 0.11 0.09 0.05

(0.03) (0.03) (0.02) (0.02) (0.01)
Erimin — 1.00 0.06 0.10 0.08 0.10

(0.01) (0.01) (0.04) (0.01)
High Quality Ice — — 1.00 0.19 0.13 0.12

(0.01) (0.04) (0.01)
Low Quality Ice — — — 1.00 0.09 0.10

(0.01) (0.00)
High Quality Ketamine — — — — 1.00 0.18

(0.01)
Low Quality Ketamine — — — — — 1.00

TABLE 5: Pusher demand estimates. Standard errors in parentheses.

are shown in Table 5. We first note that because wholesale prices and unit costs
for ice are much higher per unit compared to the other products, we change the
unit for ice from 1g to 0.2g (a typical serving size) for estimation. We do this so
that the parameters related to ice are scaled similarly to the parameters related to
other products. From the estimates, we see that the means of the cost shocks are
relatively high compared to the typical gross margins pushers receive. The average
gross margin for each product in the data varies between S$18.85 and S$45.92.
This partly explains why pushers do not purchase a positive quantity of each drug
in each period in which they are active. Only pushers with a favorable draw of their
cost shock purchase in a period.

We estimate that the price of a serving of ice increased by approximately S$22
following the enforcement shock. Ex-drug offenders we have interviewed recalled
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FIGURE 7: Model fit.

similar price changes after the enforcement shock. One ex-pusher we interviewed
told us that extremely high pass-through is common for ice. The estimated price
changes for the other drugs are close to zero, except for high-quality ketamine
which increased by approximately 10%. The expected disutility parameter also
increased substantially for ice, whereas there was no statistically significant change
for the other products.

In order to assess the model’s fit, we simulate trades according to the estimated
model parameters to obtain the predicted average wholesale price, the number of
completed trades and the total quantity sold for each product. We take the aver-
age of 1,000 simulations. The results are shown in Figure 7. The model matches
these aggregate outcomes relatively well, although the predicted quantities are less
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accurate for ketamine where we have fewer observations.37

6 Counterfactual Simulations

We now use the estimated model to simulate a number of counterfactual policy
experiments. We first estimate the effect of the enforcement shock on the total
quantity sold by simulating the trades that would have occurred in the absence of
the shock. We then contrast this to a policy where the authorities target pushers
with certain characteristics.

6.1 No Enforcement Shock

For our first counterfactual experiment, we use the estimated model to simulate the
counterfactual total quantity sold if the enforcement shock did not occur. In our
data, the enforcement shock raised marginal costs for all drugs except for ecstasy.
During the period of the enforcement shock, which occurred in weeks 13 to 21, we
set the marginal cost of each affected drug c jt to its level in week 12. For weeks
22 onward, we use the same marginal costs observed in the data as they had then
returned close to pre-shock levels. In the model, we allowed the end-user prices
and the expected disutility of arrest to change during the enforcement shock. We
set these parameters equal to their values outside the enforcement shock period. In
Figure 3 we saw that the enforcement shock had little effect on the total number of
active pushers, so we assume the total number of active pushers remains the same
as observed in the data.

Table 6 summarizes the results of this counterfactual experiment.38 The first
row shows the total quantity sold in each product under the baseline case when the
enforcement shock occurs and the second row shows the counterfactual scenario

37In Figure A.4 in the Online Appendix we also show the predicted model outcomes of each drug
in each week against the data. Although weekly sales in the data are noisy, the model is able to
match the broader patterns in the data relatively well. The model predictions are less accurate for
ketamine in certain weeks. This is because in the majority of weeks there are fewer than 20 trades
in these products.

38Figure A.5 in the Online Appendix shows the average wholesale price and total quantity for
every drug-week under this counterfactual scenario.
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High Low High Low
Quality Quality Quality Quality

Ecstasy Erimin Ice Ice Ketamine Ketamine
Enforcement shock (baseline) 118.29 46.77 18.67 18.42 54.07 36.43
No enforcement shock 115.00 47.49 18.23 18.13 52.15 37.77
Shock where only unit costs change 114.99 46.70 17.97 17.95 50.83 36.82
Shock with no end-user price adjustment 118.23 46.57 17.20 16.88 51.64 36.46

TABLE 6: No enforcement shock counterfactual: total sales in 1,000s of units.

when it does not occur. We can see that the enforcement shock did not substantially
reduce the total quantity sold by the pushers in the market. In fact, the total sales
increased by a small amount in certain drugs. Ex-offenders we have interviewed
recalled selling larger quantities following the shock, despite the rise in wholesale
prices.39 Although the wholesale prices increased following the shock, end-user
prices also increased, partially offsetting the wholesale price increase. Therefore
pushers continued to purchase similar quantities.

To decompose the effect of the end-user price change and the change in the
expected disutility parameters, θ ακe

j , we simulate two further counterfactual sce-
narios. First, we simulate what would have happened if only the gang’s marginal
costs changed, but the end-user prices and the expected disutility parameters did
not adjust. This is shown in the third row of Table 6. Here, the gang passes the
cost increase onto pushers in the form of larger wholesale prices and pushers pur-
chase smaller quantities. Relative to the no-shock scenario, total quantities fall
between 1-2.5% for affected products. Second, we next consider what happens
if both the gang’s costs and expected disutility parameters changed, but end-user
prices remained the same. This is shown in the fourth row of Table 6. Here the
total sales fall even further in most products: total quantities fall between 1-7% for
affected products. Therefore the small effect of the enforcement shock on quantities
is largely due to the end-user price adjustment.40

39Although pushers purchased higher quantities of ice in the absence of the enforcement shock,
the frequency of trades above the presumed trafficking threshold of 25g did not increase.

40The price elasticity of demand for addictive drugs is likely to be small in the short run. This
has been discussed in the influential work of Becker and Murphy (1988) and empirical evidence for
this is discussed in Castillo et al. (2020). For short-run price changes, addicted consumers often
continue purchasing but the drug attracts fewer new customers. For long-run price changes, both
types of consumers may substitute. Therefore, for the short-run price change in our case, it is highly
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We note that because there are other gangs actively selling ecstasy, erimin and
ketamine during our sample period, we can evaluate the effect of the enforcement
shock only on the total quantity sold by the gang we observe in our data. However,
the gang we study is the only gang selling ice during our sample period, so our
results represent the effect of the enforcement shock on the total quantity of ice
sold in the country.

6.2 Targeting Pushers

Targeting the source of drugs may be ineffective, as in this particular case, the gang
sourced the drugs using a different route, and the pushers still had a large incentive
to sell, despite the higher wholesale prices that were passed onto them. Enforcement
could instead focus its efforts on the pushers. In this counterfactual, we consider
the effect of a raid on pushers on the total quantity sold.

We suppose that in week 26 of our data that law enforcement successfully arrests
20 of the active pushers in that week. Because this represents a small share of
the total number of active pushers, market insiders we have spoken to claim that
“arresting 10-20 pushers would not affect [end-user] prices.” Moreover, due to
the increasing penalties associated with being caught with larger quantities, the
remaining pushers would not increase the quantity they sell each week to make
up for the smaller number of pushers. Our data has substantial variation in the
number of active pushers throughout the year and we do not find any evidence that
pushers purchase larger quantities during weeks where there are fewer other active
pushers.41 We choose week 26 because no other shocks occurred in that week and
the number of active pushers is close to the median value. We assume that for these
20 pushers, once they are arrested they are no longer active for the remainder of the
year.

The survey data we have collected show that when any large-scale pusher raid
like this happens, the gang would not respond by immediately increasing its hir-
ing activities to replace the lost pushers. We asked each respondent what the re-

plausible that end-users continued to purchase quantities similar to pre-shock period. This issue is
discussed further in section A.14 in the Online Appendix.

41Regression estimates with this evidence are shown in Table A.3 in the Online Appendix.
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cruitment strategy of their gang was when a sizable number of their pushers were
arrested. Almost all the respondents claimed that the gang would slowly replace
the lost pushers over the following weeks. They stated that if the gang were to im-
mediately hire more pushers during or immediately after a raid, they would attract
the attention of the authorities and become their main focus in enforcement efforts.
They believed that the authorities would view their actions as a challenge and focus
their efforts on dismantling their gang. As there were many gangs in operation at
the time, if the gang was not the main focus of enforcement efforts, the probability
of getting caught would be much lower than if they were the main target. Therefore
the gang’s optimal response would not be to expand too quickly but rather, as they
phrased it, “wait until things quietened down” before resuming hiring activities at
its normal slow and gradual rate. Based on this evidence, for this counterfactual we
assume that the gang continued its hiring at the rate we observe in the data. How-
ever, we also compare this to the less likely scenario where the gang immediately
replaces all the arrested pushers immediately following the raid. For these replaced
pushers we randomly draw pushers with replacement from our sample of pushers.
This allows us to calculate a lower bound of the effect of this policy.

We consider three different types of raids. We first consider what would hap-
pen if 20 random pushers were arrested. We then consider targeted arrests where
the authorities arrest 20 ex-convicts or 20 pushers with nightclub connections. The
results from this counterfactual experiment are shown in Table 7. When 20 random
pushers are arrested, the total quantity falls by approximately 3-4% in all products.
If the authorities instead arrest 20 previously-convicted pushers, the fall in quantity
is very similar. This is because, on average, previously-convicted pushers buy sim-
ilar quantities to the average pusher. If the gang were to immediately hire back 20
pushers, the total quantities are very similar to the baseline case. This is because
the replaced pushers are similar to the previously-convicted pushers.

When the authorities target pushers with nightclub connections, the total quan-
tity falls by approximately 5-6% for each product. Even if the gang immediately
hires back 20 pushers, the total quantity still falls by approximately 2%. This is be-
cause the replaced pushers have fewer business connections and purchase smaller
quantities on average. Although the gang may replace a small number of the ar-
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High Low High Low
Quality Quality Quality Quality

Ecstasy Erimin Ice Ice Ketamine Ketamine
Baseline 118.29 46.77 18.67 18.42 54.07 36.43
Arrest 20 pushers randomly 114.29 45.10 18.06 17.82 52.33 35.16
Arrest 20 previously-convicted pushers 114.31 45.10 18.06 17.81 52.29 35.15
Gang hires back 20 pushers 118.16 46.71 18.65 18.40 54.01 36.39
Arrest 20 pushers with club connections 111.20 43.84 17.57 17.32 50.95 34.15
Gang hires back 20 pushers 115.59 45.70 18.26 18.02 52.88 35.62

TABLE 7: Targeting pushers counterfactual: total sales in 1,000s of units.

rested pushers in response to the raid, it is unlikely they would replace all 20 for
the reasons listed above. Therefore we expect the effect to be closer to 5-6% than
the estimated lower bound of 2%. This result suggests that targeting pushers with
relatively more bargaining power, such as those with nightclub connections, is an
effective strategy to lower the total quantity sold. Furthermore, pushers with night-
club connections earn much larger gross profits than the average pusher. Therefore
this policy also targets those who gain the most from trading.

Obtaining accurate information on the difference in cost between different en-
forcement strategies is difficult, but it is likely that large supply busts are much
more costly than targeting pushers. According to interviews with ex-offenders,
large supply busts often took months of planning with significant manpower, often
involving multiple departments cooperating across several countries. Most of all,
ex-offenders told us that they believe that informants that contributed information
that led to successful drug raids were entitled to monetary payouts. These were a
fraction of the total market value of the drugs seized, which is usually very large.
Targeting pushers, on the other hand, is much less costly. The authorities always
have undercover operatives on the streets at any given time. When they believe a
pusher is a threat, they will proceed to arrest that pusher. Because the authorities
know where the pusher operates, it does not require a lot of manpower to arrest
them. Ex-offenders also stated that once a pusher is targeted by the authorities, it is
very difficult to escape.
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6.3 Discussion on External Validity

Our setting is similar to other Asian countries in many ways, and as a result, we
argue our results have validity in other countries. Many other countries, including
China and India, have a death penalty for drug trafficking. Countries with capi-
tal punishment for such offenses have a combined population of over 3 billion.42

Therefore the behavior of the pushers regarding the harsh penalties for drug traf-
ficking may be similar in these other countries.

The structure of the end-user market in Singapore is also similar to other Asian
countries. Ex-offenders we have interviewed that were active in Malaysia or China
at different points in time stated that highly competitive markets such as those in
Geylang were also present in those countries.

Finally, the operations and organizational structures of transnational gangs are
more similar to each other than local street gangs.43 According to market insiders
we have spoken to, the gang we study is similar in demographics to other gangs.
Our transnational gang is also active across several countries across Asia and would
apply similar business practices across those countries.

7 Conclusion

We develop a multiproduct bargaining model between the Singaporean branch of a
large transnational gang and pushers. We estimate this model using detailed trans-
action data kept by the gang, together with detailed information on the pushers,
such as their addictions and business connections. We use our estimated model
to simulate the effects of different enforcement strategies on the total quantity of
drugs sold. We first consider the effectiveness of targeting delivery routes. Dur-
ing our sample period, the authorities successfully intercepted a large shipment and
disrupted the gang’s supply route. The gang quickly found a new supplier but the
shock raised its marginal costs for several weeks.

42Other Asian countries that have adopted capital punishment for drug crimes include Bangladesh,
Indonesia, Laos, Myanmar, Thailand, and Vietnam (Leechaianan and Longmire, 2013).

43See section A.15 in the Online Appendix for a further discussion on the differences between
transnational gangs and local street gangs.
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We find that although these cost increases led to price increases further down
the supply chain, the total quantity sold by the gang was largely unaffected. A
natural explanation is that addictive drugs such as ice often have small short-run
price elasticities. We then consider an alternative policy where law enforcement
focuses its efforts on arresting a subset of the actively-trading pushers. We find
that such a policy is more effective at reducing the quantity sold in the market, and
argue that such an approach is less costly. Arresting a small number of pushers will
have little effect on market prices, and the remaining pushers do not increase the
quantity they sell due to the harsh penalties associated with being caught with larger
quantities. Such a policy is even more effective if the authorities target pushers
who have greater bargaining power over the gang, even if the gang responds by
immediately recruiting new pushers. This is evidence that taking a tough stance
against pushers, a policy adopted by Singapore, is an effective strategy for reducing
the total quantity of illegal drugs sold.44
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Online Appendix for
Enforcement and Bargaining over Illicit Drug
Wholesale Prices: Structural Evidence from a

Transnational Asian Gang

Kaiwen Leong, Huailu Li, Marc Rysman, Christoph Walsh

A.1 Additional Figures and Tables
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FIGURE A.1: Histograms of the average gang margin by pusher for each product.
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FIGURE A.3: Histogram of the estimated bargaining weights for all pusher-weeks.

Dependent variable: Entered Exited
Enforcement shock period 0.0565 −0.1010

(0.1388) (0.1528)

Estimates from a logit regression at the pusher-week level with stan-
dard errors in parentheses. The dependent variable “entered” is an
indiciator for if the pusher began trading with the gang in that week.
The dependent variable “exited” is an indicator for the first week af-
ter the pusher ceased trading with the gang. The enforcement shock
period is during weeks 13-21.

TABLE A.1: Reduced-form evidence that entry and exit was not affected by the
enforcement shock.
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FIGURE A.4: Predicted outcomes by product-week versus data.
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FIGURE A.5: No enforcement shock versus baseline.

48



Erimin Ice (Low Quality) Ketamine (Low Quality)

Ecstasy Ice (High Quality) Ketamine (High Quality)

0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50

15

20

25

15.0

17.5

20.0

22.5

25.0

27.5

100

150

200

50

75

100

125

150

175

15.0

17.5

20.0

22.5

25.0

20

25

30

35

Week

A
ve

ra
ge

 p
er

 w
ee

k 
(i

n 
S

$)

Wholesale Cost (Arrest 20 random pushers in week 26)

Wholesale Cost (Arrest 20 ex-convict pushers in week 26)

Wholesale Cost (Arrest 20 nightclub pushers in week 26)

Wholesale Cost (Baseline)

Unit Cost

(A) Average weekly wholesale prices

Erimin Ice (Low Quality) Ketamine (Low Quality)

Ecstasy Ice (High Quality) Ketamine (High Quality)

0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50

500

1000

1500

250

500

750

1000

1250

200

400

600

200

400

600

1000

2000

3000

500

1000

1500

Week

T
ot

al
 u

ni
ts

 s
ol

d 
pe

r 
w

ee
k

Arrest 20 random pushers in week 26

Arrest 20 ex-convict pushers in week 26

Arrest 20 nightclub pushers in week 26

Baseline

(B) Total units sold per week

FIGURE A.6: Targeting pushers versus baseline.
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Dependent variable: Log wholesale price minus unit cost
Constant 2.792 (0.124) Has connection with club/disco −0.127 (0.035)
Trade history −0.014 (0.004) Unemployed −0.018 (0.030)
Heavy drug addict 0.123 (0.039) Age −0.008 (0.002)
Alcoholic 0.034 (0.031) Female −0.076 (0.066)
Gambling addict −0.034 (0.032) Malaysian Chinese 0.088 (0.051)
Borrowing problem 0.052 (0.027) Singapore Indian −0.095 (0.072)
Been in prison 0.091 (0.033) Married 0.071 (0.052)
Gang affiliation −0.054 (0.029) Has children −0.072 (0.050)
Has connection with brothel −0.224 (0.067) Has primary education −0.070 (0.083)
Has connection with KTV −0.118 (0.030) Has secondary education −0.019 (0.030)

Estimates from a linear regression. Standard errors clustered at the pusher level.

TABLE A.2: Reduced-Form Evidence of Price Discrimination.

Dependent variable: Log units purchased by pusher
(1) (2) (3) (4)

Ecstasy×Number active pushers 0.002 0.003 −0.003 0.001
(0.003) (0.002) (0.002) (0.002)

Erimin×Number active pushers 0.008 0.006 0.004 0.005
(0.004) (0.003) (0.003) (0.003)

High-quality ice×Number active pushers 0.006 0.002 −0.002 0.000
(0.002) (0.002) (0.002) (0.002)

Low-quality ice×Number active pushers −0.001 0.000 −0.003 −0.001
(0.002) (0.002) (0.002) (0.002)

High-quality ketamine×Number active pushers 0.001 0.004 0.003 0.004
(0.004) (0.003) (0.003) (0.003)

Low-quality ketamine×Number active pushers 0.001 0.001 −0.004 −0.002
(0.007) (0.006) (0.006) (0.006)

Number of observations 7749 7749 7749 7749
Product fixed effects Yes Yes Yes Yes
Pusher fixed effects No Yes No Yes
Product-Specific Log Wholesale Price Coefficients No No Yes Yes

Estimates from a linear regression. Standard errors clustered at the pusher level.

TABLE A.3: Evidence that pushers do not purchase larger quantities when fewer
other pushers are trading.
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A.2 Data Collection, Authentication and Replication

The unique dataset was originally collected by the first author (Leong). It was a
by-product of his half-decade-long service as a social worker helping rehabilitate
Singaporean ex-offenders by turning them into entrepreneurs.45

Specifically, the first author had volunteered with an ex-offender who volun-
teered his gang records as a token of gratitude upon learning about the first author’s
interest in studying social issues. This ex-offender, henceforth referred to as the
informant, played a key role in a large transnational Asian drug gang in the 1990s.
He learnt about the first author’s interest in social issues after reading about the first
author’s books on the sex market (Leong et al., 2013b), gambling market (Leong
et al., 2013a) and youths at risk (Leong and Leong, 2013). For obvious reasons, this
informant remains anonymous. However, a redacted prison release letter proving
this informant’s status is available upon request subject to strict non-disclosure and
privacy terms.

The rarity of obtaining such a dataset coupled with its sensitive nature warranted
further investigation. Among these issues were information authentication, evalu-
ation of potential risks and understanding the dataset’s setting from an outsider’s
perspective. To verify the dataset’s authenticity and to ensure it could be studied
safely, the first author worked closely with the Institutional Review Board (IRB)
at Nanyang Technological University (NTU) as detailed below. Regarding under-
standing the dataset’s setting, the authors conducted interviews with more than 100
other ex-offenders about transnational gangs in Asia. These were completed se-
curely through the first author’s social network as well as in collaboration with drug
rehabilitation centers in Singapore. The names of some of these organizations we
contacted and proof of these conversations are available upon request, subject once
again to strict non-disclosure and privacy terms, as the respondents have explicitly
requested us not to reveal this information publicly. Further information about these
interviews is provided in section A.3.

The IRB’s guidance and vetting were thorough and included the following tasks:
(1) understand the legal implications of using the dataset, (2) share all information

45Leong’s social work has been documented in the Asian media (Singh, 2013; Palansamy, 2012).
He was invited by neighbouring countries to help devise programs to rehabilitate ex-offenders.
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with the relevant appropriate authorities if not yet already done so by the informant,
(3) take steps to protect all authors from any possible retaliation from former gang
members, (4) verify the authenticity of the data with the appropriate authorities
and experts, (5) document the payments to ex-drug offenders participating in the
interviews, and (6) notify and obtain permission from the appropriate authorities to
pursue this study.

We provided the required documentation to the satisfaction of the IRB. Proof
that the above-mentioned steps have been completed is available upon request, sub-
ject to strict non-disclosure and privacy terms.

We anticipate that there could be curious readers who wish to view the gang’s
original records. However, in accordance with the IRB’s security protocols, we
were advised to relinquish possession of the original records for obvious safety
reasons. We complied with this advice, but we can provide a redacted one-page
photograph of the original book upon request. This is again subject to strict non-
disclosure and privacy terms.

We also took steps to allow other researchers to replicate the results presented
in this paper. In order to do so, the IRB required us to consult with the relevant au-
thorities, ex-offenders and lawyers to ask for advice on developing a safety protocol
to protect ourselves when dealing with possible replication requests. The resulting
safety protocol requires anyone wishing to replicate the results to first obtain IRB
approval and then to travel to Li or Walsh’s universities to conduct the replication in
person. As dictated by the safety protocol, we are strictly forbidden from discussing
the data in private locations.

A.3 Interviews and Surveys with Ex-Drug Convicts

The ex-drug convicts that participated in the surveys were sourced from three main
channels: ex-convicts that Leong had volunteered with directly; referrals from these
same ex-convicts; and ex-convicts referred by the management of grassroots, gov-
ernment and religious organizations. Leong placed greater emphasis on seeking
interviews with ex-convicts who were personally involved in the drug trade, specif-
ically the buying and selling of drugs in the 1990s. The total number of respondents
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that fit these criteria was 105. Leong employed 13 ex-convicts as enumerators.
Leong had personally volunteered with three of these ex-convicts, whereas the re-
mainder were referred by the same three ex-convicts.

Preliminary interviews with five respondents revealed that they were particu-
larly averse to paper documents and were wary about signing or writing on any
documents. This is because although they had already carried out their prison sen-
tences, they believed there were still risks involved for both themselves and their
loved ones should their personal identity and history of drug abuse be leaked. Based
on feedback from these respondents, survey collection should consist of face-to-
face interviews in the form of a conversation. Specifically, the interviewer would
ask a question, the respondent would reply and the interviewer would record the
answer on paper. Each interview was conducted either in English, Malay, Indian,
Mandarin, or a Chinese dialect. We successfully tested this format on the same five
respondents.

Leong ensured that all interviewers were trained to adhere to professional ethi-
cal standards. To ensure that respondents were willing to be interviewed, verbal
consent was obtained prior to any interview. In addition, respondents were re-
minded of the interview’s purpose, and reassured that their identities would be kept
confidential. The first author would try to request bringing another person along
with him during the interview so that he had a witness during the whole interview
process. This way, the two interviewers could compare what they thought was said
during the interview to ensure that the information collected was accurate.

Furthermore, if any of these ex-convicts were housed in drug rehabilitation cen-
ters, Leong would first seek permission from the management of that institution
before contacting the respondents.46 Some of these institutions also required the
Leong to send a hard copy of the interview questions beforehand for vetting pur-
poses whereas the others vetted the interview questions verbally before helping the
first author to arrange interviews with the ex-drug convicts.

Below are examples of questions asked during the interviews:

46All leaders of organizations housing ex-drug offenders have instructed Leong not to state any
identifiable information about the organization and inmates publicly.
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• How many major drug delivery organizations were in operation during this
time period?

(1) 1 (2) 2 (3) 3 (4) more than 3 (5) Don’t know

• Which types of drugs did drug gangs purchase from abroad? Multiple choices
possible.

(1) Heroin (2) Cannabis (3) Cocaine (4) Ice (5) Ketamine (6) Erimin (7) Ec-
stasy (8) Others, please specify (9) Don’t know

• Which types of drugs did drug gangs purchase locally? Multiple choices
possible.

(1) Heroin (2) Cannabis (3) Cocaine (4) Ice (5) Ketamine (6) Erimin (7) Ec-
stasy (8) Others, please specify (9) Don’t know

• What were the reasons that caused pushers to exit the industry? Multiple
choices possible.

(1) Religious beliefs (2) Family pleas (3) Legal employment opportunities (4)
Other illegal employment opportunities (5) Planned to quit after sometime (6)
Learned about the dangers of the industry

• Has your gang ever used violence on a pusher who wanted to exit the drug
trade?

(1) Yes (2) No (3) Don’t know

• How much money did you make selling drugs per month?

(1) S$1,000-S$5,000 (2) S$5,000-S$10,000 (3) S$10,000-S$15,000 (4) S$15,000-
S$20,000 (5) More than S$20,000

• When you were arrested by the authorities for drug related offenses, could
you afford bail?

(1) Yes (2) No

• What are the different types of cost incurred when selling drugs? Multiple
choices possible.
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(1) Car rental (2) Untraceable phone cards (3) Delivery costs (4) Bribes for
law enforcement (5) Customer referral related expenses (6) Others

• Where did the majority of the drug sales take place?

(1) Di San Qu – Geylang, Bukit Merah, Tanjong Pagar etc (2) Void decks of
housing estates (3) Other Places (4) Don’t know

In addition to the ex-offenders we have interviewed, Leong also interviewed
some of their family members, volunteers that worked with them and ex-law en-
forcement. From these interviews we did not receive any contradictory informa-
tion from the interviews with ex-pushers. We also hired research assistants to look
through all newspaper articles stored in Singapore’s national library in the years
preceding, during and following our sample period. All the information from the
interviews was consistent with the newspaper reports from the time.

A.4 Bulk and Bundle Discounts

In this section we provide evidence from our data that bulk discounts do occur but
that bundle discounts do not occur with any regularity in our setting. In Figure A.7
we can see that on average the gang’s margin (wholesale price minus unit cost) is
lower when larger quantities are purchased. This is evidence that quantities and
wholesale prices are negatively correlated within the same product.

To check for the presence of bulk and bundle discounts, we estimate J (J−1)
regressions for each pair of products j 6= k:
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is the inverse hyperbolic sine transformation, α
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i

are pusher fixed effects and δ
jk

t are week fixed effects. The coefficient estimates
and 95% confidence intervals are shown in Figure A.8. We can see that when
higher quantities are purchased, there are lower prices on average for the same drug.
However, purchasing higher quantities of another drug k is not correlated with the
wholesale price of drug j. Alternative functional forms such as levels or a dummy
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FIGURE A.7: Units purchased versus gang margin.

variable for a positive quantity of the other drug show a similar pattern. Therefore
although wholesale prices and quantities are negatively correlated within a product,
there is no correlation across products.

A.5 Drug-Trafficking Laws in Singapore

Table A.4 shows the drug-trafficking laws from Singapore’s Misuse of Drugs Act
during our sample period.47

A.6 Pusher Selection into Trading with our Gang

We argue that the pushers trading with our gang on average did not have signifi-
cantly different characteristics to the pushers trading with other gangs that were in
operation at the time. Based on our interviews with 105 ex-pushers, most gangs
had predominantly Chinese members. This is the case for our gang where 88% of

47The full text of the act is available at https://sso.agc.gov.sg/Act/MDA1973.
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Ice Ecstasy Ketamine Erimin
Drug Class A A B C
Maximum prison years Life 20 20 10
Maximum strokes of the cane 15 15 10 5
Threshold presumed trafficking? 25g 10g
Mandatory Death Penalty 250g

?Presumed trafficking may have a maximum sentence of life in prison.

TABLE A.4: Drug-trafficking laws in Singapore during our sample period.

pushers are Singaporean Chinese. The gangs with predominantly Chinese mem-
bers controlled approximately 90% of the market. There were two other gangs
where one was mostly Malay and another mostly Indian. Therefore, although there
are some differences in the race and nationality composition of these two gangs,
our gang is similar in this dimension to the majority of gangs.

All 105 ex-pushers we interviewed stated that pushers in general cannot choose
which gang to trade with. They get invited to trade with a particular gang through
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their contacts. All gangs contain pushers with similar characteristics because the
gangs recruit from the same population of potential pushers. For example, ex-
pushers we have interviewed stated that it was very common for all gangs to have
some members with drug and gambling addictions and high levels of debt. They
stated that they did not know of any gang where all of its members were free from
one of these addictions or other problems. We asked whether it was possible for
pushers with any particular characteristic to be excluded from a gang, for example,
because they were gamblers. All 105 ex-pushers did not believe that this would
be possible. Given the evidence we have collected, it is highly unlikely that the
pushers of certain gangs may differ substantially in certain characteristics other
than race and nationality. Section A.15 also contains a discussion of how our gang
compares to gangs in other countries.

Finally, all the largest gangs had a monopoly on at least one drug. Some of the
ex-pushers we have interviewed said that the fact that the gang we have data on had
a monopoly on ice did not make it more or less attractive than another large gang
with a monopoly on a different drug. According to 103 of the 105 ex-pushers we
interviewed, there were other drugs with similar profit margins that other gangs had
a monopoly on. They viewed ice to be similar to these other drugs at that time.
Therefore we believe that the average pusher that traded with our gang would be
similar to the average pusher of other large gangs in operation at the time.

Furthermore, based on our repeated questioning, survey respondents do not
seem to perceive pushers from different gangs as differing in unobserved dimen-
sions. We assume that selection is not an issue in our discussion. To the extent that
selection still exists in our setting, we could interpret our results conditioning on the
gang we study, which would affect only the generalizability of our results to other
gangs.

A.7 End-User Prices

To obtain end-user prices for each drug, we combine (a) prices recalled by ex-
pushers in interviews with (b) published reports on end-user prices during our sam-
ple period. We contacted the relevant authority in Singapore for end-user prices and
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they provided us with the reports compiled by The United Nations Office for Drug
Control and Crime Prevention (UNODC). These reports contain the average end-
user price throughout each year for many drugs in different countries using seizure
data.48

In this section we describe how we combine these sources to obtain the end-user
prices that we use to estimate our model. We also discuss confirmatory interviews
we have carried out, as well as the consequences of any measurement error in end-
user prices for our model estimates and counterfactual simulations.

Ecstasy

The UNODC report that the average price of one dose of ecstasy in Singapore in
1998 was US$26.49 Using the average closing exchange rate during our sample pe-
riod, this is approximately S$43. Interviews with ex-drug offenders recalled prices
that varied between S$35-60 per tablet, so S$43 falls close to the center of that
range. Furthermore, 99% of trades in our data had a wholesale price of S$30 or
less, so at S$43 pushers make a sizable gross margins over the wholesale price.

Erimin

Ex-drug offenders recalled that the price per slab (10 pills) of erimin costed between
S$60-100 during our sample period. We take the midpoint of this range and use
S$80 per slab, or S$8 per pill. Although several years since our sample period, a
2009 UNODC report gives a price of US$4 (S$6.36) per pill in 2006.50 A separate
newspaper article reports that prices ranged from S$6-8 per pill in 2006.51 99% of
trades in our data have a wholesale price of S$6 or less per pill, so at S$8 pushers
make large gross margins.

48The UNODC do not provide the raw seizure data that they use to calculate these end-user prices,
but as we document below, the price of any drug is relatively stable throughout any given year apart
from after large shocks.

49https://www.unodc.org/pdf/report 1999-06-01 1.pdf
50http://drugslibrary.wordpress.stir.ac.uk/files/2017/03/2009 Patterns and Trends.pdf
51https://www.thestar.com.my/news/regional/2006/02/15/addicts-turn-to-erimin5
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Ice

The UNODC report that the average price of one gram of ice in Singapore in 1999
was US$147.1, or S$249.52 End users recalled prices that range between S$150-
380 per gram. A newspaper article reports that the price was between S$120-180
for half a gram.53 The 25th and 75th percentiles of wholesale prices in the data are
S$130 and S$180 per gram. In the data, the wholesale price for high-quality ice is
on average 13.5% larger than for low-quality ice. Therefore we use S$240 for the
end-user price for low-quality ice and S$280 for high-quality ice, which falls within
the ranges given by the interviews and the reports, and has a similar difference in
price to the average difference in wholesale prices for high- and low-quality ice.

We also note that our estimated price increases for high- and low-quality ice
following the enforcement shock fall within the upper bound of the range recalled
by the interview participants.

Ketamine

Ex-drug offenders report a range of S$45-85 per gram for the end-user price. An
article from 2006 states that the price ranged from S$40-50.54 The wholesale prices
for high- versus low-quality ketamine are quite similar. The medians differ by only
4%. Therefore we use S$45 and S$50 per gram for low- and high-quality ketamine
respectively.

Confirmatory Interviews

To ensure that the end-user prices we used in estimation coincided with what hap-
pened in reality, we conducted additional interviews with 34 ex-pushers who were
in operation during the time period spanned by our data. We asked these respon-
dents if the end-user market prices for different types of drugs of a specific purity
level were approximately flat, increasing or decreasing over the course of the year,
absent any large events such as the enforcement shock that we study. We drew

52https://www.unodc.org/pdf/report 2002-06-26 1/report 2002-06-26 1.pdf
53https://www.asiaone.com/health/rising-number-ice-users-singapore
54https://www.thestar.com.my/news/regional/2006/02/15/addicts-turn-to-erimin5
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different graphs with end-user market prices on the y-axis and time on the x-axis.
We drew a horizontal line to illustrate flat, an upward-sloping line to illustrate in-
creasing, and a downward-sloping line to represent decreasing. All 34 respondents
chose flat. We also showed the prices we use in estimation (those from Table 3 in
the main text) for the different types of drugs and purity levels and asked them if
they thought that those prices were a good approximation of end-user market prices
at the time or not. Based on their memory, all respondents agreed that those prices
were a good approximation.

Effects of Any Measurement Error

We note that if there is any measurement error in the end-user price it would di-
rectly translate into a corresponding shift in the pushers’ average cost shocks, µ j.
What determines wholesale prices and quantities in our model is not the specific
value of the end-user price, but the difference between the end-user price, p jt , and
the pusher’s cost shock, ξi jt . If there was measurement error in any of the end-user
prices, it would lead to a change in the estimated value of the mean of the push-
ers’ cost shocks (the µ j). For example, in the absence of correlation between the
cost shocks, if the actual price per tablet of ecstasy was S$44 instead of S$43, the
mean cost shock for ecstasy, µ1, would be underestimated by S$1. The pusher’s
payoff and demand, however, would not change as these two terms cancel out in
our specification. In the presence of autocorrelation, the cost shock mean µ1 would
be underestimated by 1−ρ1, where ρ1 is the autocorrelation term.

We have confirmed this numerically in our setting. We tested this by increas-
ing the price of one serving (0.2g) of high-quality ice by S$4 (from S$56) and
increasing the value of µ̂3 by exactly 4(1− ρ̂3). At these values, our SMM objec-
tive function outputs the exact same value as with our baseline estimates. We then
performed all of the counterfactual experiments in the main text with these values
and the predicted total quantities in each case were identical.
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A.8 Pusher Risk Preferences

In our specification of the pusher’s payoff function, we do not explicitly model
pushers to be risk averse. We do this because we have information from our sur-
veys and interviews that suggest that pushers are close to risk neutral. This is also
consistent with experimental literature which has found that criminals are less risk
averse and more accepting of risk compared to the general population.

In this section we list quotations from our interviews supporting risk neutrality
and discuss the responses to question on risk preferences from our surveys. We also
discuss the findings of relevant studies in the experimental literature on criminals’
risk preferences.

A.8.1 Quotations from Interviews with Ex-Drug Offenders about Risk Pref-
erences

In this section, we list the quotes from qualitative interviews obtained from 33 ex-
drug offenders about their risk preferences.

According to an ex-drug trafficker that one of our enumerators interviewed, a
popular saying in the drug community is that “Businesses that do not provide good
average returns have no takers, but businesses that may get a person killed (head
chopped off) but provide good average returns will always have many takers.” One
month after the interview, he was arrested in a different Southeast Asian country for
trafficking.

According to an ex-offender who spent two decades in prison for drug and other
related offenses, “when we were in this [drug] market, all my friends and I would
rather take an illegal job with better average returns than a regular job that pays a
small fixed wage. That is why I ended up in prison.”

Leong was explaining to one ex-drug offender why being his research assistant
and helping him to interview people would be better than him going to run his own
business. He told the person the following. If he worked for Leong, NTU would
pay him S$2,000 per month and there would be no uncertainty in the payment as he
would get a contract and his pay would be from a government grant. After calculat-
ing that the possible average returns from running his own business was S$2,300 per
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month, he told Leong that unless he “increased his pay by S$300 he would rather
do the business than be an assistant.” Leong increased his pay by S$300 and he was
still more or less indifferent between the two choices. He had similar discussions
with 15 of the enumerators he hired for different research projects, who all have
some type of drug-related offense.

Leong has also helped many ex-drug offenders choose a legitimate business
in his volunteer work. In seven instances, Leong sat down with them and wrote
down the risk and likelihood of the profits under different scenarios for each busi-
ness, such as a barber, a hawker, or a grass cutter. He told them what the expected
monthly return would be for each possible business. All seven of the individuals
ranked the choices by average expected returns and none took into account that
some were more riskier than others.

Finally, one ex-drug offender we interviewed said “I only understand what is in
my hands [money] at the end of the day. If both two ways get me the same amount
then I don’t care whether one is more risky or not. Either one is fine. Everything
I have done in my life up to this point is risky. If I cannot accept risk, I would not
have started down this path.”

A.8.2 Information from Surveys about Risk Preferences

In our surveys, we included the following question:
There are 2 opportunities. The first option is a payment ticket of $1000 dollars without

any risk (you will get $1000 for sure). The second option is a lottery ticket with a 50%

chance of winning you $2000 and a 50% chance of you getting nothing ($0). You can only

choose one of the two. You will choose:

(a) First option

(b) Second option

(c) Indifferent/don’t care

(d) Don’t want to answer

83% of respondents chose option (c), 7% chose option (a) and 10% chose option
(b). In a discussion after the survey, many stated that they chose option (c) because
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they care more about averages than risk.

A.8.3 Experimental Literature on Criminals’ Risk Preferences

The assumption of risk neutrality or risk acceptance is also consistent with experi-
mental research studying the risk preferences of criminals. For example, Block and
Gerety (1995) find that criminals are more sensitive to the certainty of punishment
than the severity whereas, consistent with risk aversion, the non-criminals are more
sensitive to the severity of punishment. Khadjavi (2018) finds that criminals are
more risk-seeking than non-criminals, although he only finds a minority of crimi-
nals are risk loving. Finally, Gummerum et al. (2014) compare incarcerated indi-
viduals to ex-offenders released from prison and find ex-offenders are more likely
to take risks.

A.9 Pusher Time Discounting

Our model assumes pushers are not forward-looking in their quantity choice. In
our data, we do not observe pushers stockpiling when prices are lower. Instead, we
observe pushers purchasing small quantities each week. Pushers also do not trade
with the gang for long periods of time: the median pusher trades with the gang
for only 7 weeks. Therefore dynamic incentives are unlikely to play a large roll in
pusher demand decisions.

In this section we list quotations from our interviews supporting myopia and
discuss the results from a simple experiment to determine the level of myopia in
ex-drug offenders. We also discuss the findings of relevant studies in the empirical
literature on myopia in criminals as well as the role of dynamic incentives in our
structural model.

A.9.1 Empirical Literature on Myopic Criminals

Previous research has found evidence that criminals are myopic. For example,
Åkerlund et al. (2016) find that time-discounting rates measured at age 13 are pre-
dictive of subsequent criminal activity at age 31. In an influential study by Lee and
McCrary (2005), they use the institutional feature that criminals are tried as adults
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starting the day they turn 18. Economic theory would suggest that forward-looking
individuals would reduce their criminal activity as soon as they turn 18. They do
not find evidence of this. Their results suggest offenders are extremely impatient,
myopic, or both. Lang et al. (2019) survey 1,090 individuals who borrowed from
loan sharks in Singapore. Out of the 43% of survey participants who were part of
a gang, only 4.7% said they would prefer to wait one month for a payout of S$200
than take S$180 today. Only 11% would prefer to wait one month for a payout
of S$220 than get S$180 today. The latter case corresponds to an annual discount
factor of less than 0.1, indicating a high level of myopia for individuals similar to
our sample.

A.9.2 Quotations from Interviews with Ex-Drug Offenders about the Future

We list some of the quotes from qualitative interviews obtained from 33 ex-drug
offenders stating that they do not think about the future in their decision-making.
Some quotes from these interviews are as follows:

• From an ex-drug offender that was jailed for 20 years dealing in drugs: “I
wanted to be an instant millionaire, that was why I did not think about what
would happen in the future. That is why I did what I did and ended up where
I ended up” (in jail).

• From an ex-drug offender jailed for less than 10 years: “I did not think about
my family, my life or my future. I lived in the moment.”

• Five ex-drug offenders mentioned the same Chinese saying which translates
as: “Don’t ask me about tomorrow. I will only think what to do tomorrow
if/when tomorrow arrives.”

• From our ex-enumerator who was convicted for drug offenses two years after
working for us: “I needed drugs today. I didn’t even think about what would
happen after that. I am sorry that I could not be more forward-looking like
what you tried to teach me to do.”
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• From an ex-drug offender that was jailed for more than 20 years for selling
drugs: “Today is most important. If I am unlucky, I may get hit by a car or
lightning. Why bother with it?”

A.9.3 Information from an Experiment

Before the first author joined academia, he had previously ran a separate experiment
similar to the experiment in Mischel and Ebbesen (1970) with 93 ex-offenders,
where 81 had drug-related convictions.55 In the experiment, the first author would
tell the ex-offender that he had to do something and would be back soon. If the
ex-offender waited until he returned, they would receive S$20, but if they did not
wait they would only receive S$1. He purposefully did not specify when he would
return, but he returned after 20 minutes in each case. Only 3 of the 93 ex-offenders
waited for him to return, indicating a high degree of impatience.

A.9.4 Role of Dynamic Incentives in our Model

Finally, dynamic incentives do not play a large role in the context of our model. In
the model, a pusher with a high draw of the cost shock will choose not to buy a drug
in that week.56 If the pusher receives a high draw of the cost shock in all 6 products,
the pusher will not make any trades in that week. However, because the number of
previously-completed trades enters into the pusher’s bargaining coefficient, making
a trade with a loss in one week would lead to a small decrease in that pusher’s
wholesale prices in the future.57 Therefore it is possible that a sufficiently-patient
pusher would be willing to suffer a loss today in order to obtain slightly better prices
in the future. However, it is unlikely that such a strategy would be optimal. Most
pushers only trade with the gang for 7 weeks or less and each trade the pushers
make exposes them to the risk of arrest. Therefore each pusher only has a limited
number of periods to realize the small future gains from making a trade with a loss

55This is a different sample to the 105 ex-offenders that we interviewed.
56Specifically, if ξi jt > p jt − c jt for a drug j, there is no trade in that drug.
57There is also reduced-form evidence of this pattern. A regression of log wholesale price on the

number of previously-completed trades with pusher and product fixed effects has a coefficient of
−0.011, indicating that making a trade on average lowers future wholesale prices by 1.1%.
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today.

A.10 Pusher Expected Payoff Specification

In an earlier draft of this paper, we wrote the payoff function for the pusher as:

ui (qit) =
J

∑
j=1

(
p jt−wi jt−ξi jt

)
qi jt−

1
2

J

∑
j=1

κ jtq2
i jt

In this earlier draft we motivated the κ jt terms as capturing both the risk of arrest
and disutility of arrest from purchasing larger quantities.58 We altered the model
to follow the expected payoff specification in Becker (1968), where the expected
payoff from a crime for a risk-neutral criminal is given by:

E [U ] = pY +(1− p)(Y − f ) = Y − p f

where Y is the profit from the criminal activity, p is the probability of arrest, and
f is the disutility from arrest. Following this structure we changed the expected
payoff function in our model to:

ui (qit) =
J

∑
j=1

(
p jt−wi jt−ξi jt

)
qi jt−αtKt (qit)

=
J

∑
j=1

(
p jt−wi jt−ξi jt

)
qi jt−αt

1
2

J

∑
j=1

κ jtq2
i jt

where ∑
J
j=1
(

p jt−wi jt−ξi jt
)

qi jt is the profit from the criminal activity, αt is the
probability of arrest, and Kt (qt) is the disutility from arrest. This change did not
have a substantial effect on the pusher demand function nor the Nash bargaining
solution, but it did offer a clearer interpretation of the parameters in the model. The

58This draft is available at https://walshc.github.io/research/gang bargaining 2020-11-09.pdf.
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pusher demand function for the pusher becomes:

qi jt (wit) =


p jt−wi jt−ξi jt

αtκ jt
if p jt ≥ wi jt +ξi jt

0 otherwise

The only difference is that now we divide by αtκ jt instead of only κ jt . In estimation,
we cannot separately identify αt and κ jt . Instead we only estimate values for the
product of the two terms.

A.11 Gang Marginal Costs

In estimation, we use the reported unit costs in the data as the gang’s actual marginal
costs of trading. We do not include additional unobserved shocks to the gang’s
marginal costs because the variances of these shocks are not separately identified
from the variances of the pushers’ cost shocks.

The variance of the pusher’s cost shock ξi jt is identified through selection into
trading. A trade only occurs in a drug if the shock is low enough to satisfy ξi jt <

p jt − c jt . If the gang’s marginal cost also included a shock, only the sum of the
pusher’s shock ξi jt and the gang’s shock would determine selection into trading and
the two variances would not be separately identified from this selection condition.

If there was sufficient variation in wholesale prices conditional on trading and
the pusher characteristics, then the variances of the gang’s marginal cost shocks
could be separately identified from the variances of the pushers’ cost shocks. How-
ever, we have found that in practice there is not sufficient variation in our data to
separately identify the both cost variances for each product. Therefore we assume
that the gang’s marginal cost is given by the unit costs in the data.

A.12 Obtaining Nash Bargaining Wholesale Prices

To calculate the wholesale prices wit that satisfy the Nash bargaining first-order
conditions for products where p jt > c jt +ξi jt , we find the fixed point of the function
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Ω(wit), whose jth element is:

Ω j (wit) = p jt−ξi jt−
(1−βit)

(
p jt−ξi jt + c jt−2wi jt

)
vit (wit)

βitπit (wit)

A trade can only occur in a drug if p jt > c jt + ξi jt as cross-subsidization does not
occur in practice in our setting. Therefore we do not calculate wholesale prices
for drugs where p jt ≤ c jt + ξi jt . In the range wi jt ∈

(
c jt +ξi jt , pi jt

)
, the function

Ω j (wit) is increasing in wi jt . Therefore, for products where trade is possible, there
is a vector of wholesale prices wit ∈ Wit low enough such that Ω j (wit) < wi jt . A
vector of wholesale prices that would satisfy this is a wholesale price arbitrarily
close to the gang’s marginal cost, c jt . Similarly, there is a vector of wholesale
prices wit ∈Wit large enough such that Ω j (wit)>wi jt . A vector of wholesale prices
that would satisfy this is the monopoly price,

(
p jt−ξi jt + c jt

)
/2. Our fixed point

algorithm iteratively updates these upper and lower bounds until they converge to
wit = wit = Ω(wit).

In steps, our algorithm is as follows:

STEP 1 Set the initial (k = 0) lower and upper bounds and the initial guess:

• Set the initial lower bound to w0
i jt = c jt +δ

(
p jt−ξi jt− c jt

)
, where δ

is a small constant (such as 10×e−5) such that Ω j
(
w0

it
)
< w0

i jt for all
i, j, t,. The small constant is to avoid dividing by zero as πit (ct) = 0 .

• Set the initial upper bound to w0
i jt =

p jt−ξi jt+c jt
2 , such that Ω j

(
w0

it
)
>

w0
i jt for all i, j, t,.

• Set the initial guess w0
i jt =

1
2

(
w0

i jt +w0
i jt

)
for all i, j, t.

STEP 2 For iteration k > 0, update the bounds and the current guess:

• If Ω j
(
wk

it
)
< wk

i jt , set wk+1
i jt = wk

i jt . Otherwise, set wk+1
i jt = wk

i jt .

• If Ω j
(
wk

it
)
> wk

i jt , set wk+1
i jt = wk

i jt . Otherwise, set wk+1
i jt = wk

i jt .

• Set wk+1
i jt = 1

2

(
wk+1

i jt +wk+1
i jt

)
.

STEP 3 Repeat step 2 incrementing k until ‖Ω(wit)−wit‖ < ε , where ε a pre-
specified tolerance level.
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FIGURE A.9: Fixed point iteration example with two products.

An example with two products is shown in Figure A.9. This would occur in
practice if there were two products where p jt > c jt + ξi jt and p jt ≤ c jt + ξi jt for
the remaining four products. The sum of the gang’s and pusher’s marginal costs
are (c1t +ξi1t ,c2t +ξi2t) = (10,20) and the prices are (p1t , p2t) = (15,23). The
initial lower bound w0

it is the green triangle and the initial upper bound w0
it is the

blue square in Figure A.9a. The initial guess w0
it is the red circle at the midpoint

of these two points. In Figure A.9b, the difference Ω j
(
w0

it
)
−w0

i jt is negative for
both products. Therefore the lower bound for iteration 1 is updated to w1

it = w0
it

for iteration 1 and the upper bound w1
it remains the same. The green triangle for
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iteration 1 moves to the position of the red circle from iteration 0. At w1
it , the

difference Ω j
(
w1

it
)
−w1

i jt is again negative for both products, so only the lower
bound is updated. In iteration 2, Ω j

(
w2

it
)
−w2

i jt is positive for both products, so
w3

it is set equal to w2
it and the blue square in iteration 3 moves to the position of the

red circle in iteration 2. This process continues until convergence. In practice, our
wholesale prices converge within 20-30 iterations. In estimation, we find that for
the functional form we use that this method never fails to converge to Ω(wit) = wit .

A.13 Legalizing Ice Counterfactual

In this counterfactual we consider the effects of legalizing ice in our market. We
focus on ice because the gang we study was the only gang in the country selling ice
at the time, whereas there were several other gangs actively selling the other drugs.
For ice, we observe the total quantity sold in the end-user market and we can use the
enforcement shock to estimate the slope of the end-user demand curve. Although
no country has legalized ice to date, there has been a discussion of decriminalizing
the drug in Australia (McGowan, 2019). Due to data limitations, this counterfactual
requires a number of additional assumptions, but we will argue that we estimate a
lower bound on the tax revenue that could be raised, and that the actual tax revenue
is likely to be larger.

We assume that the gang becomes a centralized importer and the pushers be-
come licensed wholesalers. This is similar to the case of prostitution in Singapore.
When prostitution was legalized, a fixed number of permits were issued to indi-
viduals already active in the market (Li et al., 2018; IRB Law, 2020). We assume
the centralized importer’s marginal costs are the same as the gang, and because
the enforcement shock would not occur for ice under legalization, we use the same
marginal costs as described in the no enforcement shock counterfactual. We assume
each pusher’s demand is unchanged, but as the penalties from being caught are re-
moved we argue that pushers would actually sell more ice under legalization. We
further assume that the end-user demand function is unchanged following legaliza-
tion. However, given the results in Jacobi and Sovinsky (2016), we would expect
end-user demand to increase following legalization as access would increase and
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the social stigma of ice consumption may fall. We consider a tax rate of 7%, which
is equal to the sales tax rate in Singapore and is in the lower end of the state taxes
on marijuana in the US and Canada.59

In our data, we observe the total equilibrium quantity during the no-shock period
and the enforcement shock period. We also observe the equilibrium price during
the no-shock period and have estimated the rationalized price change during the
enforcement shock period with our model. As the enforcement shock is a cost
shock which shifts the supply curve, we observe two points on the end-user market
demand curve. If we make a linear approximation of the end-user demand curve, the
enforcement shock allows us to estimate the slopes of the end-user demand curve
for high- and low-quality ice. This approximation enables us to predict end-user
demand after the imposition of a tax.60 We also highlight that in our model each
individual pusher faces a perfectly elastic demand curve as the end-user market
is competitive. However, the market as a whole may face a less elastic demand
curve. We find the demand elasticities for high- and low-quality ice to be −0.58
and −0.56, respectively.

To calculate how the burden of the tax is shared between end-users and pushers,
we use the following procedure. Given a trial share of the tax burden, we calculate
total end-user demand using our linear approximation and total pusher supply by
simulating trades according to our estimated bargaining model. We then find the
vector of new equilibrium end-user prices such that total demand equals total supply
in each product.

We find that end-users bear 69.4% of the tax on high-quality ice and 70.2% of
the tax on low-quality ice. The tax reduces the total quantity sold in the market by
2.7% and 2.6% for high- and low-quality ice, respectively. For some intuition about
how the pushers’ relative bargaining power with the gang affects the tax incidence
between pushers and end-users, we also calculate the incidence shares if we shift
all the pushers’ bargaining parameters to just above zero and just below one. We
find that if pushers have more bargaining power over the gang, that the end-users

59In the US, excise taxes on marijuana vary between 7% and 37% and in Canada between 3.9%
and 19.3%.

60To calculate these slopes, we only use weeks 10-48 in the data, where the number of active
pushers is close to the median value.
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bear even more of the tax. The opposite occurs if the pushers have less bargaining
power.

The estimated lower bound on the annualized tax revenue is S$889,895 (ap-
proximately US$1.5m), where 53.9% of this is from high-quality ice. Singapore’s
population was just under four million during our sample period. Therefore the tax
intake from legalization may be very small and it is likely that the accompanying
administrative costs would outweigh it.

A.14 End-User Price Adjustment from the Enforcement Shock

Our model estimates that when the unit cost increased for ice, the gang passed
on this cost increase to pushers in the form of higher wholesale prices. Because
all pushers’ wholesale prices increased, the end-user price for ice also temporar-
ily increased. Even though the end-user price increased, the total quantity sold in
the market did not change substantially in response. For short-run price changes,
Becker and Murphy (1988) predict such a quantity response for addictive goods.
In section A.13, we find the short-run price elasticity for ice to be approximately
-0.57. This is in line with estimates of the short-run price elasticity for other hard
drugs (see Castillo et al. (2020)).

If pushers purchased similar quantities of ice from the gang following the in-
crease in wholesale prices (as the end-user price also increased), readers may be
curious to understand why the gang did not charge pushers higher wholesale prices
for ice throughout the rest of the year. There are some plausible reasons for this.
First, if the gang were to charge higher prices for ice and earn much larger profits,
then it may lead other gangs to enter into the ice market which would lower their
profits. This increased quantity of ice sold in the market has the further consequence
that the authorities could focus their enforcement efforts on ice. Second, if the
end-user price of ice was higher throughout the whole year, although addicted con-
sumers may continue to purchase the product, it may attract fewer new consumers.
This is because new consumers may substitute towards different cheaper products.
Becker and Murphy (1988) also predict that addicted consumers would also reduce
their demand from a permanent price change. Therefore although quantities would
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be similar from a short-run price increase, a long-run price increase may reduce the
quantity sold in the market.

A.15 Transnational Gangs and Street Gangs

There are two types of drug-selling gangs: transnational and local street gangs. Ac-
cording to market insiders, there are three main differences between these two types
of gangs in Asia. First, the total number of members in a transnational gang ranges
from the thousands to the tens of thousands, whereas a street gang has members
ranging from the tens up to the low thousands. Second, transnational gangs have
more resources and similarly efficient organizational structures. They have effec-
tive strategies shaped by their experience in dealing with authorities in the various
similar countries that they operate in. On the other hand, there is no standard or-
ganization structure for a street gang. It fluctuates from gang to gang. Third, to
avoid physical clashes they cannot win, street gangs usually operate in areas that
the transnational gangs do not consider profitable.

Given the lack of data on transnational drug-selling gangs, it is difficult to as-
sess the external validity of our setting, but the evidence we have collected suggest
that the gang we study is similar to those in other Asian countries. According to
market insiders with whom we have spoken to, the basic demographics of gang
members are similar across all gangs. Most gang members join this trade because
they want to get rich quickly. According to an ex-drug gang member referred to us
by Christian Counseling Service, “I ended up in jail for what I did because I wanted
to be a billionaire overnight.”61 Some examples of common characteristics of gang
members include high debt levels, an affinity for gambling, and drug addiction.

Gangs may differ in the way they regulate gang members. In particular, the
most significant point of variation is how gangs deal with members who are also
drug addicts. There exists gangs that punish their members for abusing drugs and
those that do not. Both these types of gangs are prevalent in the drug-selling gang
population. However, drug abusers may continue to exist nonetheless in both types
of gangs. For gang bosses that choose to punish drug users, first-time offenders

61Christian Counseling Service is a registered charity in Singapore that works with Singapore
Prison Service to rehabilitate ex-drug offenders.
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are usually given a severe physical punishment and warned not to commit the same
act. Second-time offenders are usually expelled from the gang.62 Only some drug
addicts are discovered within gangs because some gang members who are drug
addicts may have also developed effective ways to conceal their addiction from
gang leaders. According to a law enforcement officer in Asia who spoke to us on
the condition of anonymity, “it does not make sense to claim that any gang does not
contain specific types of people such as drug addicts.”63
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