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Abstract
We analyze the spending of individuals in the United States on lottery tickets in an average
month, as reported in surveys. We view these surveys as sampling from an unknown distribution, and we use non-parametric methods to compare properties of this distribution for
various demographic groups, as well as claims that some properties of this distribution are
constant across surveys. We find that the observed higher spending by Hispanic lottery
players can be attributed to differences in education levels, and we dispute previous claims
that the top 10% of lottery players consistently account for 50% of lottery sales.
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Introduction
Lotteries are a big business in the United States, with revenue of $78 billion in fiscal year 2012
[1]. And they are a source of concern for many, from educators who rely on the proceeds for
part of their funding, to those concerned about encouraging problem gamblers, and for others
who worry that the lottery amounts to an implicit tax that is unfair to various demographic
groups. In this note, we look at connections between demography and lottery spending using
statistical tools that have not previously been used for this purpose, we use these tools to study
newer data sets than previous studies, and we consider new properties of the distribution
of spending.
Specifically, we are interested in how much a person chosen at random spends on lottery
tickets in a typical month. There are many reasons to be interested in the distribution of this
number, as well as how it differs for different demographic groups:
• The players who spend the most on the lottery account for a large fraction of total sales, and
therefore are of interest to the lottery operators who want to understand them for
marketing purposes.
• For states considering whether to adopt a lottery, it might be helpful for predicting the
amount of revenue they might expect to bring in.
• The lottery “levies an implicit tax on players” [2], and the weight of that particular tax depends on the distribution of lottery spending. To what extent is this implicit tax regressive?
• Society has an interest in controlling pathological gambling. If a demographic group has a
substantially higher incidence of heavy spending on the lottery, then this is a signal for
pathological gambling.
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• If a lottery operator has a good model of spending by heavy spenders, then they can use it as
a baseline to detect excessive numbers of frequent prize claimants, which would indicate that
some frequent prize claimants are engaged in (typically illegal) ticket aggregation schemes.
For example, a recent investigation in Florida revealed that 8 of the top 10 prize claimants
were participating in such schemes, see [3] and [4].

Background and context
Many authors have previously analyzed who spends how much on the lottery, in some cases to
understand whether the “implicit lottery tax” is regressive and in others to understand connections with incidence of problem gambling. That is, these studies have focused on which demographic groups spend more than others. See for example the books [2, 5]; the papers [6–13]; or
the surveys [14, 15]. These papers have used various model-fitting techniques, such as tobit,
Heckman-corrected tobit, truncated tobit, probit, or logit regression, and then looked at
effect sizes.
However, the previous work did not consider the peculiar shape of the distribution, which
can be seen in Fig. 1. In both panels of the figure, the number being sampled is the answer to
the question “How much do you spend on lottery tickets in a typical month?” and the data
comes from the surveys [16–18]. The distribution has a lot of zeros—people who don’t play—
and is positively skewed. Most people spend little to nothing on the lottery, but there are a few
players who spend very large amounts, causing the tail seen in Fig. 1. The distribution look similar to classic examples of heavy-tailed distributions such as a Pareto. Other examples of empirical distributions with similar shapes are the populations of cities, the magnitude of
earthquakes, and the Addiction Severity Index composite score as defined in [19].

Methods
Data sources
Among the many surveys that have asked respondents about their lottery participation, we
focused on surveys that had two characteristics: First, they asked the question we wanted:
“How much did you spend on lottery tickets in the last month?” or similar. For this reason, we
excluded several otherwise-interesting surveys. Second, they were relatively recent. The 1989

Fig 1. Kernel density plot and boxplot of nonzero values of reported lottery spending in an average month, obtained by combining the results of
the Indiana, Gallup, and Texas surveys.
doi:10.1371/journal.pone.0115730.g001

PLOS ONE | DOI:10.1371/journal.pone.0115730 February 2, 2015

2 / 11

Lottery Spending: A Non-Parametric Analysis

book [2] and its 1999 sequel paper [7] are landmark references, so there seemed little point in
mining 30-year-old surveys from the 1980s that preceded both works.
Consequently, we chose to analyze surveys from Texas (2007–2009 [16]) and Indiana
(1990–1998 [18]) as well as a national survey performed by Gallup (January 2011 [17]). These
surveys included 1617, 1359, and 365 gamblers, respectively. (Since we are only concerned
with lottery spending, we use “gamblers” as a shorthand for “people who spend money on
lottery tickets in a typical month”.)

Parametric methods: problems with the data
Inspired by the paper [20], we had initially hoped to use the survey data to select a family of
distributions that best fit the data, or at least the nonzero values in the data. However, an immediate problem presented itself in that the numbers from the various surveys do not appear
to be from the same distributions, as is strongly indicated by the Q-Q plot in the left panel of
Fig. 2.
Also, for the question we are interested in, the tail samples in this survey are obviously suspect: one imagines that the gamblers who spend the most on the lottery are also very likely to
report a lower-than-actual amount of spending, and indeed such mis-reporting has been found
to be typical, see [8] and [21].
Consequently, there is not much reason to believe that a probability distribution fit to the
data would have much relation to the actual distribution of lottery spending. And it even seems
unreasonable to use methods such as those described in Chapter 4 of [22] to give a parametric
model for the tail, because these are the data points that are least certain. Therefore, we seek
methods that are not highly sensitive to these difficulties with the data.

Non-parametric methods
In view of the preceding discussion, we opted to employ non-parametric methods, as advocated in [23, 24], or see [25]. Specifically, we used permutation tests to compare the various distributions, as described in [26–28].
A toy example
To illustrate the notion of a permutation test, consider the toy example of a survey with two
questions, “How much do you spend on lottery tickets in an average month?” and a question
whose answer is a categorical variable with two possible values (such as gender), and suppose

Fig 2. Q-Q Plots showing (left) that the data is different from survey to survey and (right) that the data is also non-normal. In each panel, if the two
samples were drawn from the same distribution, the plotted points would lie approximately on the diagonal line joining the lower-left and upper-right corners.
doi:10.1371/journal.pone.0115730.g002
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the 5 responses are:
spending ð$Þ

53

54

6

39

88

categorical

A

A

B

B

B

We will consider the null hypothesis that the values of the real variable (spending) and the categorical variable are independent. Deﬁne a test statistic:
ðaverage spending by A’sÞ  ðaverage spending by B’sÞ:
Which is approximately 9.2 for the actual survey data. It’s not zero, contrary to the null hypothesis, but is that signiﬁcant? What is the p-value? Under the null, the value of the test statistic should not change if we randomly re-assign the categorical responses among the
respondents. We randomly permute the A/B values among the 5 responses and for each permutation we re-calculate the test statistic. As an illustration, one of the permutations gives an
alternative data set
spending ð$Þ

53

54

6

39

88

categorical

B

B

A

A

B
 5

on which the test statistic equals −42.5. Doing this for each of the 2 ¼ 10 possible permutations, we ﬁnd the following values of the test statistic, sorted into increasing order:
42:5; 30:8; 30:0; 3:3; 2:5; 1:7; 9:2; 25:8; 37:5; 38:3:

ð1Þ

Suppose the alternative hypothesis is that A’s spend more than B’s, i.e., the test statistic is positive. (In our non-toy examples below, this will be provided by claims in the literature.) Then
the p-value is the proportion of the numbers in (1) that are at least as large as the actual value,
9.2, of the test statistic. That is, the p-value is 4/10 = 0.4.

General procedure
Let us re-state this now in more abstract terms. Our data is in the form of survey responses,
and we are interested in the case where each respondent gives a real number and a categorical
variable with c possible values. (In the toy example, c = 2 and the real number is monthly lottery spending.) We consider the null hypothesis that the distribution of the real numbers is independent of the value of the categorical variable. We calculate, for the actual survey data,
some test statistic, which will be a single number t0. In all our examples, this test statistic will be
a real number and the test statistic will be designed so that under the null hypothesis it should
be zero. In the 1-sided exact permutation test, one considers the N ways of relabeling the categorical variables and for each of these re-computes the test statistic tj. The probability, then,
that the null hypothesis holds and yet the test statistic t0 is so large is simply #{jjtj  t0}/N, the
number of relabelings for which the test statistic has a value at least as big as t0.


The precise number of relabelings, N, is given by the multinomial coefficient n1 ;n2n;...;nc ¼
n!=ðn1 ! n2 !    nc !Þ where ni is the number of responses in the i-th category. In practice this is
quite large. The number n of responses in our entire pool is 3341 and the number n1 may be,
 
say, 300, in which case already nn1 has more than 400 digits. Therefore it is not practical to
perform the exact test. Instead, we perform a Monte Carlo permutation test by randomly sampling a large number S (say, 104) of the N possible relabelings, compute the test statistic for
each of these, and then report the p-value to be the proportion of these S values of the test
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statistic that are at least as large as t0. A 95% confidence interval can be obtained by reporting
the 95th percentile of the test statistic among the S values.

Results
Comparison of demographic groups
As an illustration of our methods, we investigate the claim from Clotfelter-Cook:
In sum, members of certain groups are more likely to play lotteries and to play them
heavily: males, Hispanics, blacks, the middle-aged, Catholics, laborers, and those with
less than a college degree.

(2)

This conclusion, perhaps, is not terribly surprising as these are approximately the same groups
that are at elevated risk for pathological gambling, see [29–32]. Clotfelter and Cook looked at
three measures of participation: participation rate (what fraction of survey respondents in a
certain demographic group played the lottery), spending (comparing amount spent by gamblers in one demographic group to gamblers outside that group), and membership in the top
20% (comparing fraction of the top 20% of spenders coming from a particular demographic
group, versus the fraction for the population as a whole). Because they focused on participation
rates in their text discussion, we will focus on the other two measures; they claimed that the results were essentially the same for all three measures.
This is mostly well-trod ground, and we present results on these questions as an illustration
of our different techniques in a context that will be familiar to some readers. Consequently, we
mostly talk about those demographic groups that have been highlighted as heavier gamblers in
previous studies: males, African Americans, Hispanics, and high school dropouts. We add in
one new, interesting demographic axis: whether the survey respondent was reached on a cell
phone or a land line. This information was included for respondents in both the Texas and
Gallup surveys, providing spending numbers for 1982 gamblers.
Spending levels by gamblers from different groups
We use the previously-described 1-sided Monte Carlo 2-sample permutation test to test whether gamblers from a particular demographic group tend to have higher spending than gamblers
who are not part of the group. We sample a random variable X from the demographic group
that previous studies have shown to have higher spending (e.g., high school dropouts) and Y
from the complement of this subgroup (e.g., gamblers who completed high school), and use for
our test statistic the median of X−Y as X and Y range over both samples as described in §2.5 of
[33] or Chapter 5 of [27]. Note that this test statistic, median(X−Y), is more interesting than
and typically different from median(X)−median(Y), although in the case where the two populations have distributions that agree up to a location parameter, one can think of both as comparing the locations.
We use a 1-sided permutation test, because previous studies have claimed that this test statistic should be positive; the results are summarized in Table 1. While this reasoning does not
apply to the cell phone vs. landline comparison, the unjustifiably-strong 1-sided test already
gives a “statistically insignificant” p-value of 0.66, so a less powerful 2-sided test would not give
any significant results.
Membership in the top 20% for different groups
In the previous paragraph, we compared levels of spending by gamblers belonging to different
demographic groups. Another way to compare the relative spending of demographic groups is
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Table 1. Spending levels by various demographic groups. The 95% conﬁdence interval is the smallest
median of difference one could ﬁnd to produce a p-value of 0.05.
Demographic group

median of difference

est. p-value

95% conﬁdence interval

Male

1

0.83

African American

6

< 0.01

>2

Hispanic

3

< 0.01

>2

HS dropout

5

< 0.01

>1

cell phone

2

0.66

doi:10.1371/journal.pone.0115730.t001

Table 2. Representation of demographic groups in the top 20% of lottery players. P-values and
conﬁdence intervals are calculated using a binomial distribution based on the percentage of adults in
the sample.
Demographic
group

Percentage of adults in
sample

Percentage of heaviest
players

p-value

95% conﬁdence
interval

Male

50%

55%

0.005

 53%

African American

11%

18%

< 0.001

 13%

Hispanic

14%

20%

< 0.001

 17%

HS dropout

5%

9%

< 0.001

 7%

cell phone

15%

19%

0.011

 18%

doi:10.1371/journal.pone.0115730.t002

to ask: is a group over-represented amongst the top 20% of lottery players? This has previously
been investigated in [7], where it was found that males, African Americans, high school dropouts, and those with household income below $10,000 were overrepresented. Our results for
similar categories are presented in Table 2.
Why we ignored income
We ignored income in the demographic comparisons above for two reasons: first, there is the
scientific reason that—contrary to popular perception that the poorer someone is, the more
they tend to spend on the lottery—“the preponderance of the evidence suggests that there is little systematic relationship between income and the amount spent on lottery play” [2], p. 99.
(See [34] for an illustration.) Second, there is the practical consideration that income is reported as a range, and the possible ranges differ from survey to survey.

Controlling for confounding factors: Hispanic gamblers
We noted in Tables 1 and 2 that some African-American and Hispanic gamblers spend more
on the lottery than gamblers outside those groups. But why should race or ethnicity be correlated with lottery spending?
Contrast this with low-education gamblers. We also found that high school dropouts spend
more on the lottery than high school graduates, re-confirming part of a general relationship
that has been widely observed, that more education means less spending on the lottery. This result, however, has a natural causal explanation, in that buying lottery tickets is not just a poor
investment decision but also has a worse rate of return than other gambles such as roulette; we
expect that a more educated gambler would therefore curtail their lottery purchases.
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To look for explanations as to why being Hispanic (to take a particular example) might be
correlated with higher lottery spending, we examined the Texas data, which had a large proportion of Hispanic gamblers. We found that the Hispanic gamblers in that sample tended to be
less educated than the non-Hispanic gamblers. Might this correlation be what we are detecting
when we note that “Hispanic gamblers spend more”?
To answer this question, we compared the spending of Hispanic and non-Hispanic gamblers while controlling for education. Using the non-parametric methods of this paper, we can
do so by subdividing the population into blocks based on education—high school dropouts,
those with only a high school diploma, those with some college, and those with a college
degree—and comparing Hispanic to non-Hispanic gamblers within each block. For each block,
we can compute the median of the difference X−Y as described in the previous section, where
X is drawn from the spending of Hispanic gamblers in that block and Y is drawn from the nonHispanic gamblers. We find this median is 0 for the high school dropouts, 2 for those with only
a high school diploma, 2 for those with some college, and 0 for those with a college degree. The
sum of these medians is 0 + 2 + 2 + 0 = 4, which is a measure of how much more Hispanic gamblers tend to spend than non-Hispanic gamblers, and it is not zero.
To assess whether the 4 was significant, we performed a permutation test where we only
permuted the Hispanic/non-Hispanic labels within each block. For each permutation, we computed for each block the median of the difference X−Y, where X is drawn from the spending of
Hispanic gamblers in that block and Y is drawn from the non-Hispanic gamblers (with respect
to the permuted labels), and recorded the sum of these medians as the value of the test statistic.
The null hypothesis is that being Hispanic (viewed as a convenient label for undetermined cultural factors) has no effect on lottery spending by itself, hence that the test statistic should be
zero. We found that the true value, 4, of the test statistic has an approximate p-value of 0.3, so
we have no reason to reject the null hypothesis at the 95% confidence level. That is, once we
have controlled for education, we find no evidence that Hispanic gamblers spend more than
non-Hispanic gamblers.
Let’s summarize this discussion. It is natural to believe that more education leads to spending less on the lottery, such a correlation has been widely observed in the literature, and we
have observed it in our data as well. Once we control for this relationship, we find no evidence
for increased spending by Hispanic gamblers. Occam’s Razor, then, says that the increased
spending by Hispanic gamblers appears to be due to their lower education as opposed to other,
unspecified cultural factors, up to an effect size that is too small to be detected with our techniques and data.

Claims about heavy spenders
Percentage of spending due to heavy players
The book [2] by Clotfelter and Cook is a central reference in the subject of US lotteries. They
write on p. 92:
Among those who do play, the top 10 percent of players in terms of frequency account
for 50 percent of the total amount wagered, while the top 20 percent wager about
65 percent of the total.

(3)

This is a specific example of what is sometimes called the “law of the heavy half” or Pareto’s
law. Similar patterns can be found in the consumption of other goods; for example, a recent
study, [35], found that the top 20% of marijuana consumers in Colorado accounted for about
65% of demand.
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For the super-population obtained by combining our three main surveys, we found that the
top 10% of players accounted for 58% of the total spending, and the top 20% of players accounted for 73%. These numbers are somewhat different from those claimed in (3).
Constancy of this percentage
Clotfelter and Cook follow (3) with a second claim:
Interestingly, the degree of concentration among players (as indicated by these
percentages) does not depend on the time interval under consideration. Measures of
concentration are virtually identical for three surveys that asked respondents to report
lottery expenditures for some period preceding the interview: a one-week period
(Maryland, 1984), a two-month period (California, 1985), and a twelve-month period
(all lottery states combined, 1974).

(4)

We calculated these measures of concentration for our three surveys, and the results are displayed in Table 3. We can test the claim that these measures are constant across surveys by
combining them into one super-population and performing a 3-sample permutation test
where the test statistic is standard deviation of the measure of concentration, but with only 3
surveys it will take a large deviation from constancy to be detected in this way. Consequently,
we include in this test all the surveys we found that asked for spending in a typical month,
which we abbreviate as CBS (1989 [36], 607 gamblers), Kentucky (1989 [37], 332 gamblers),
and Minnesota (1993, [38], 176 gamblers). (Concerning the claim (3), using all 6 surveys gives
a super-population where the spending by the top 10% and 20% is nearly the same as was
found using only the 3 most recent surveys—59% and 74% respectively.) We find that the standard deviations observed among the spending by the top 10% and by the top 20% differ from 0
with a p-value that is essentially 0, which refutes claim (4) that the percentage of spending due
to the top 10 and 20 percent of players is essentially constant across surveys.

Higher moments
Another way to measure how far the distribution of spending deviates from normal is to consult the higher moments, namely the skewness and excess kurtosis, which are defined as follows. For X a random variable with mean μ, one defines the centralized j-th moment
pﬃﬃﬃﬃﬃ
j
mj :¼ E½ðX  mÞ , so the standard deviation is s :¼ m2 . The skewness α3 and kurtosis α4 of X
Table 3. Columns 2 and 3 report the % of total lottery spending due to the top 10% and 20% of
spenders respectively. Column 4 reports the skewness and column 5 reports the skewness-adjusted
kurtosis deﬁned in [43] for the spending reported in each survey. The bottom three rows give the results of
a 6-sample permutation test with test statistic the standard deviation of the numbers in the higher rows.
Survey

top 10%

top 20%

skewness

adj. kurtosis

Texas

55%

72%

4.2

3.3

Gallup

62%

75%

10.2

5.2

Indiana

56%

70%

10.5

7.0

CBS

45%

64%

3.4

3.1

Kentucky

38%

55%

4.5

4.3

Minnesota

63%

76%

6.3

4.2

Standard deviation

9.8%

7.8%

3.1

1.4

Estimated p-value

0

0

0.03

0.58

95% conﬁdence interval

 5.8%

 4.2%

 2.93

doi:10.1371/journal.pone.0115730.t003

PLOS ONE | DOI:10.1371/journal.pone.0115730 February 2, 2015

8 / 11

Lottery Spending: A Non-Parametric Analysis

are the normalized j-th moments defined by αj: = μj/σj. A normally distributed random variable
has skewness 0 and kurtosis 3, regardless of its mean and standard deviation.
Skewness
We provide in Table 3 the skewness for the distribution of spending in various surveys; clearly,
all are positively skewed. Applying a permutation test shows the standard deviation of these
skewness numbers will arise by chance with estimated probability 3%, so there is no reason to
think that skewness is consistent across surveys. For demographic groups, we asked if skewness
captures a difference in the nature of spending by one demographic group relative to those
who are not members of the group; applying two-sample permutation tests with the demographic groups considered in Tables 1 and 2 did not detect any significant difference.
Kurtosis
As for kurtosis, it is commonly believed that a symmetric distribution with high kurtosis—i.e.,
that is “leptokurtotic”—has heavier tails. (The paper [39] says that kurtosis “can be vaguely defined as the location- and scale-free movement of probability mass from the shoulders of a distribution into its center and tails.”) The distribution of spending in all of the surveys in Table 3
is highly leptokurtotic (some have kurtosis of over 100) and the kurtosis varies from survey to
survey. Neither of these are surprising in view of the skewness discussion in the previous paragraph, as skewness and kurtosis are related, for example by the inequality a4  a23 þ 1 noticed
already in [40]. Consequently, it would make sense to use instead a “skewness-adjusted” version of α4. We investigated various options such as those introduced in [41–43] and surveyed
in [39], but we did not find any clearly significant results. For the curious reader, we report the
modified kurtosis from [43] in Table 3; this measure produced the least-varying numbers of
the most civilized magnitudes.

Discussion
We applied a non-parametric method (permutation test) to investigate which demographic
groups spend more on the lottery and whether the proportion of spending by big spenders is
constant (as was claimed in the literature). We applied this method to more recent data than
previous studies, and we found confirmation of similar demographic claims. We found strong
evidence that gamblers that were African-American, were Hispanic, or did not finish high
school spent more on lottery tickets than gamblers that were not in these groups, and that
these three categories of gamblers were overrepresented among the top 20% of lottery players
by spending. This agrees with what has been found in previous studies.
Although it may appear that we have found weak evidence that male gamblers and cell
phone respondents appeared more frequently among the top 20% of players, because we are
doing at least 10 statistical tests, a p-value of 0.005 is not necessarily significant.
While we saw that the top 10% of spenders typically account for more than half of all sales,
we refuted the claim that the amounts spent by the top 10% and by the top 20% of spenders are
constant across US lottery surveys.
We also found no evidence that higher spending by Hispanic gamblers is a reflection of unspecified cultural factors having to do with race; instead, their higher spending appears to be
accounted for by their lower levels of education relative to non-Hispanic gamblers. This observation seems to be new.

Acknowledgments
We thank Michael Campos, Luis Perez, and Philip B. Stark for helpful remarks.

PLOS ONE | DOI:10.1371/journal.pone.0115730 February 2, 2015

9 / 11

Lottery Spending: A Non-Parametric Analysis

Author Contributions
Conceived and designed the experiments: SG. Performed the experiments: SG KF LK ML. Analyzed the data: SG KF LK ML. Contributed reagents/materials/analysis tools: SG KF LK ML.
Wrote the paper: SG KF LK ML.

References
1.

North american assocation of state and provincial lotteries. website. http://www.naspl.org.

2.

Clotfelter CT, Cook PJ (1989) Selling hope: state lotteries in America. Harvard University Press.

3.

Mower L (2014). Gaming the lottery. The Palm Beach Post. http://www.mypalmbeachpost.com/
gaming-the-lottery/.

4.

Arratia R, Garibaldi S, Mower L, Stark PB (2014). Some people have all the luck. submitted. http://www.
garibaldibros.com/linked-files/lottery-PBP.pdf.

5.

Borg MO, Mason PM, Shapiro SL (1991) The economic consequences of state lotteries. Praeger.

6.

Scott F, Garen J (1994) Probability of purchase, amount of purchase, and the demographic incidence
of the lottery tax. Journal of Public Economics 54: 121–143. doi: 10.1016/0047-2727(94)90073-6

7.

Clotfelter CT, Cook PJ, Edell JA, Moore M (1999). State lotteries at the turn of the century: report to the
National Gambling Impact Study Commission. National Gambling Impact Study Commission.

8.

Herring M, Bledsoe T (1994) A model of lottery participation: demographics, context, and attitudes. Policy Studies Journal 22: 245–257. doi: 10.1111/j.1541-0072.1994.tb01466.x

9.

Kaizeler MJ, Faustino HC, Marques R (2014) The determinants of lottery sales in Portugal. J Gambl
Stud 30: 729–736. doi: 10.1007/s10899-013-9387-4 PMID: 23760689

10.

McCrary J, Pavlak TJ (2002) Who plays the Georgia lottery? Results of a statewide survey. Public Policy Research Series. University of Georgia Carl Vinson Institute of Government. http://www.cviog.uga.
edu/pprs.

11.

Rubenstein R, Scafidi B (2002) Who pays and who benefits? examining the distributional consequences of the Georgia Lottery for Education. National Tax Journal 55: 223–238.

12.

Stranahan H, Borg MO (1998) Horizontal equity implications of the lottery tax. National Tax Journal 51:
71–82.

13.

Stranahan H, Borg MO (1998) Separating the decisions of lottery expenditures and participation: a truncated tobit approach. Public Finance Review 26: 99–117. doi: 10.1177/109114219802600201

14.

Ariyabuddhiphongs V (2011) Lottery gambling: a review. J Gambl Stud 27: 15–33. doi: 10.1007/
s10899-010-9194-0 PMID: 20432057

15.

Perez L, Humphreys B (2013) The ‘who and why’ of lottery: empirical highlights from the seminal economic literature. Journal of Economic Surveys 27: 915–940.

16.

Center for Public Policy U. Texas lottery survey, 2007–2009. http://www.uh.edu/class/hcpp/research/
data/index.php.

17.

Organization G (2011). Gallup news service poll: January wave 1–life satisfaction/economy/politics.
www.ropercenter.uconn.edu.

18.

for Survey Research IUC (1990–1998). Indiana polls 16, 18, 24, 28, 31a. www.ropercenter.uconn.edu.

19.

McLellan A, Kushner H, Metzger D, Peters R, Smith I, et al. (1992) The fifth edition of the addiction severity index. Journal of Substance Abuse Treatment 9: 199–213. doi: 10.1016/0740-5472(92)90062-S
PMID: 1334156

20.

Clauset A, Shalizi CR, Newman M (2009) Power-law distributions in empirical data. SIAM Review 51:
661–703. doi: 10.1137/070710111

21.

Jaffe ED, Pasternak H, Grifel A (1983) Response results of lottery buyer behavior surveys: in-home vs.
point of purchase interviews. Public Opinion Quarterly 47: 419–426. doi: 10.1086/268799

22.

Resnick SI (2007) Heavy-tail phenomena: probabilistic and statistical modeling. Springer.

23.

Ludbrook J, Dudley H (1998) Why permutation tests are superior to t and F tests in biomedical research. The American Statistician 52: 127–132. doi: 10.2307/2685470

24.

Berger VW (2000) Pros and cons of permutation tests in clinical trials. Statistics in Medicine 19: 1319–
1328. doi: 10.1002/(SICI)1097-0258(20000530)19:10%3C1319::AID-SIM490%3E3.0.CO;2-0 PMID:
10814980

25.

Delucchi KL, Bostrom A (2004) Methods for analysis of skewed data distributions in psychiatric clinical
studies: working with many zero values. American Journal of Psychiatry 161: 1159–1168. doi: 10.
1176/appi.ajp.161.7.1159 PMID: 15229044

PLOS ONE | DOI:10.1371/journal.pone.0115730 February 2, 2015

10 / 11

Lottery Spending: A Non-Parametric Analysis

26.

Pesarin F, Salmaso L (2010) Permutation tests for complex data: theory, applications and software.
Wiley.

27.

Stark PB (2012). Statistics 240: nonparametric and robust methods, lecture notes. http://www.stat.
berkeley.edu/~stark/Teach/S240/Notes/.

28.

Good P (2004) Permutation, parametric, and bootstrap tests of hypotheses. Springer, 3rd edition.

29.

Welte JW, Barnes GM, Wieczorek WF, Tidwell MCO, Parker JC (2002) Gambling participation in the U.
S.—results from a national survey. J Gambl Stud 18: 313–337. doi: 10.1023/A:1021019915591 PMID:
12514913

30.

Welte JW, Barnes GM, Wieczorek WF, Tidwell MCO, Parker JC (2004) Risk factors for pathological
gambling. Addictive Behavoirs 29: 323–335. doi: 10.1016/j.addbeh.2003.08.007 PMID: 14732420

31.

Johansson A, Grant JE, Kim SW, Odlaug BL, Götestam KG (2009) Risk factors for problematic gambling: a critical literature review. J Gambl Stud 25: 67–92. doi: 10.1007/s10899-008-9088-6 PMID:
18392670

32.

Campos M (2013). Hispanic gamblers and the CPGTSP outpatient program. PowerPoint presentation.
http://problemgambling.securespsites.com/ccpgwebsite/PPT/2013%20Summit%20Presentations/
Michael%20Campos%20Hispanic%20Gamblers%20and%20the%20CPGTSP%20Outpatient%
20Program.ppt.

33.

Lehmann E (1975) Nonparametrics: statistical methods based on ranks. Holden-Day.

34.

Baker R, Forrest D, Perez L (2014) Modelling regional lottery sales: methodological issues and a case
study from Spain. Papers in Regional Science 93.

35.

Light MK, Orens A, Lewandowski B, Pickton T (2014). Market size and demand for marijuana in Colorado. report prepared for the Colorado Department of Revenue. www.colorado.gov.

36.

(1989). New York Times/CBS News poll April survey. www.ropercenter.uconn.edu.

37.

The Courier-Journal (1989). The Courier-Journal Bluegrass State poll #23: gambling/abortion. www.
ropercenter.uconn.edu.

38.

The Star Tribune, WCCO-TV (1993). The Star Tribune/WCCO-TV Minnesota poll: sports and gambling.
www.ropercenter.uconn.edu.

39.

Balanda KP, MacGillivray H (1988) Kurtosis: a critical review. Journal of the American Statistical Association 42: 111–119. doi: 10.1080/00031305.1988.10475539

40.

Pearson K (1929) Editorial note to ‘inequalities for moments of frequency functions and for various statistical constants’. Biometrika 21: 370–375.

41.

Hogg RV (1974) Adaptive robust procedures: a partial review and some suggestions for future applications and theory. Journal of the American Statistical Association 69: 909–923. doi: 10.2307/2286164

42.

Blest DC (2003) A new measure of kurtosis adjusted for skewness. Aust NZ J Stat 45: 175–179. doi:
10.1111/1467-842X.00273

43.

Rosco J, Pewsey A, Jones M (2013) On Blest’s measure of kurtosis adjusted for skewness. Communications in Statistics: theory and methods. doi: 10.1080/03610926.2013.771747

PLOS ONE | DOI:10.1371/journal.pone.0115730 February 2, 2015

11 / 11

