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Abstract

Grouped and right-censored (GRC) counts have been used in a wide range of atti-
tudinal and behavioural surveys yet they cannot be readily analyzed or assessed by
conventional statistical models. This study develops a unified regression frame-
work for the design and optimality of GRC counts in surveys. To process infinitely
many grouping schemes for the optimum design, we propose a new two-stage
algorithm, the Fisher Information Maximizer (FIM), which utilizes estimates
from generalized linear models to find a global optimal grouping scheme among
all possible N-group schemes. After we define, decompose, and calculate different
types of regressor-specific design errors, our analyses from both simulation and
empirical examples suggest that: |) the optimum design of GRC counts is able
to reduce the grouping error to zero, 2) the performance of modified Poisson
estimators using GRC counts can be comparable to that of Poisson regression,
and 3) the optimum design is usually able to achieve the same estimation efficiency
with a smaller sample size.
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Introduction

Grouped and right-censored (GRC) counts in survey research refer to
response categories of discrete-value survey questions consisting of both
grouped (e.g., “3-5 times” rather than precise counts of “3 times”, “4
times”, or “S times”’) and right-censored counts (e.g., an open-ended category
as “6 or more times”) (Coughlin 1990; Fu et al. 2020; Guo et al. 2020;
Schaeffer and Dykema 2020, 2011; Willis 2004). The advantage of GRC
counts is that they do not require exact enumerations of behavioural frequen-
cies and thus reduce cognitive burdens in data collection. Especially when
respondents seek to adopt a series of answering strategies to alleviate their
cognitive burdens and provide good enough answers (Schaeffer and
Dykema 2011; Gehlbach and Barge 2012; Conrad et al. 1998), the use of
GRC counts is a convenient and inexpensive way of coping with cross-
subject heterogeneity in understanding, interpreting, recalling, and estimating
target events and behaviours." GRC counts have been recommended by
survey methodologists over other alternative formats of response categories
for studying event frequencies, especially when sensitive topics (e.g., drug
use, juvenile delinquency, suicide attempts) or vulnerable populations (e.g.,
children, youth, the elderly) are being studied (Schaeffer and Dykema
2020; Schwarz et al. 1985; Toepoel et al. 2009). For example, two
nationally-representative surveys on adolescent risky behaviours in
America, the Monitoring the Future project and the Youth Risk Behavior
Survey, use GRC counts to track temporal patterns of substance use and
juvenile delinquency (Johnston et al. 2017; Kann et al. 2018). The National
Longitudinal Study of Adolescent to Adult Health (Add Health), which is
the largest longitudinal survey of adolescents in America, also relies on
GRC counts to collect information on various health-related outcomes
(Bahr and Hoffmann 2008; Conway et al. 2013).

Although GRC counts have been widely used in survey research (Ackard
et al. 2002; Akers et al. 1989; Bachman et al. 1990; Baiden et al. 2019; Fu
et al. 2013; Hagan et al. 2005; Kumar et al. 2008; Marsden 2003), their
design and analysis create methodological challenges. Due to the lack of con-
ventional tools to capture the data generating process of GRC counts, they are
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often treated as categories instead of counts, and accordingly analyzed by
(ordinal/multinomial) logistic regression models instead of Poisson-based
models (Connor et al. 2013; John et al. 2006). While some recent studies
have attempted to implement regression models and derive asymptotic prop-
erties of estimators to analyze GRC counts (Fu et al. 2021; Guo et al. 2020;
Wang 2022), the optimum survey design of GRC counts in a regression
setting remains a critical yet challenging issue faced by survey methodolo-
gists and social scientists in general.

More specifically, the optimum survey design of GRC counts in a regres-
sion setting needs to take three key issues into account (Fu et al. 2020; Biemer
2010). First, to achieve the optimum design, a search algorithm should be
designed to incorporate available information on regression covariates,
process infinitely many grouping schemes for GRC counts, and identify an
optimal grouping scheme that maximizes (a score function of) the Fisher
information matrix of the population parameters to achieve maximum estima-
tion efficiency. Second, for a specific (and usually suboptimal) scheme
chosen by researchers, its difference from the identified optimal grouping
scheme and the impact of such difference on statistical inference need to be
assessed. Third, to establish optimality criteria for assessing grouping
schemes, design errors associated with grouping schemes also need to be
defined, decomposed, and calculated. By critically synthesizing and greatly
extending a series of recent advances in the design and analysis of GRC
counts (Davillas and Pudney 2020; Fu et al. 2020; Guo et al. 2020;
Schaeffer and Dykema 2020), the current study addresses these three
issues. While the optimum design of GRC counts is the primary focus of
this study, it should be noted that the unified framework to be described
here also solves a more general question of optimality and design of counts
when they are either grouped, right-censored, or both, in surveys.

Methods

Generalized Linear Models for Grouped and Right-Censored Counts

To characterize the data-generating distribution of GRC counts, we let N > 2
denote the total number of GRC response categories used in a survey ques-
tion, and divide all non-negative integers into these N groups. The i’th
group (1 <i < N) consists of one or a successive sequence of integer(s),

Group; = {k e N:; <k <[y},
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where N = {0, 1, 2, ...} is the totality of all the non-negative integers, and
0=1I1<h<---<lyy; = oo are used to define boundaries separating these
N groups of an N-group scheme.

We first illustrate how generalized linear models (GLMs) are used to analyze
GRC counts. The choice of GLMs permits a more flexible parameterization of
GRC counts, such as a zero-inflated model, a negative binomial model, a hurdle
model, or a mixture of these models (Hilbe 2011; Land et al. 1996). We begin
with the following GLM model, Poisson regression, which is well studied and
widely used to model count data (Agresti 2003; Lawless 1987; Rhodes et al.
1996). Let Y be a random variable that has a Poisson distribution Pois(4)
with mean A > 0, namely, Prob(Y = k) = ek /k!, for k in N. In Poisson
regression, the expected frequency A is specified by a linear combination

of Tegressors = (Xo, ..., X)) € R™™  through a link function
=g\ (" X), where p = (ﬂo, .. BT €R is the vector of unknown
coefﬁ01ents

Instead of using exact enumeration in the original Poisson model, counts
are now measured in a grouped and right-censored form given by G. Here,
G= {li}ﬁ\; J{' refers to a GRC grouping scheme and Y is a random variable
obtained by categorizing Y with respect to G. Specifically, Y =i if and
only if Y is in the i’th group. So Yy has a categorical distribution on
{1, ..., N}, with

1
l+] A
Prob(Yg = j) = 69(, 4 = g7 (77 X)) = Z e ,f, 1<j<N. (1)

J=

Based on (1), the modified log-likelihood function for a sample {(X’, Yé) [
is

L) = log9(Yy, g7 (B"X")). )
i=1

The Poisson distribution requires that the variance be the same as the mean.
However, this equi-dispersion assumption is often violated due to the exist-
ence of excessive zeros (Fu et al. 2013; Tucker et al. 2021). The zero-inflated
Poisson (ZIP) distribution incorporates a binomial process to take into
account excessive zeros (Hall 2000; Lambert 1992; Land et al. 1996). Take
binge drinking, for example: the ZIP distribution considers two potential
sources of zeros. Those who are exposed to the risk of binge drinking
but do not report any episode of binge drinking, and those who are not
exposed to the risk of binge drinking due to various religious, health, or
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socio-relational factors (Jun et al. 2016; Luczak et al. 2002; Tucker et al.
2021). The probability mass function for the ZIP distribution is:

p+U—pe?, k=0,

(A —pe?s,  k>1,

Prob(¥ = k) = { )
where 4> 0 and 0 < p < 1. The ratio (1 — p) is the population’s proportion
subject to Pois(4). Here Y also has a categorical distribution obtained by cat-
egorizing (3) according to G. The modified log-likelihood function is obtained
by replacing the summand in (2) with log (Y%, g;'(6"X"), g,' (7" U")),
where U’ represents the vector of regressors, the vector y denotes correspond-
ing coefficients, and g;l (y"U") is the generalized linear model for p with the
corresponding link function g,. The proof (available upon request) of exist-
ence, consistency, and asymptotic normality of these modified Poisson esti-

mators readily follows (Fahrmeir and Kaufmann 1985; Fu et al. 2018;
Serfling 1980).

Define and Decompose Design Errors of GRC Counts

To define and decompose errors in the optimum design of GRC counts, or
more broadly, survey counts, we next investigate possible sources of
errors. First, the total number of count response categories N is restricted to
be finite. As compared to the scenario of exact enumeration, the finite
number of count response categories entails a loss of information in measure-
ment and further leads to less efficient estimation. In other words, although N
corresponds to a measure of counts (of human behaviours) that are infinite in
nature, the finiteness of N originates from the total number of response cat-
egories fixed by survey investigators. The first design error is essentially a
product of survey designs, rather than the finiteness of N. We hereafter
refer to this design error caused by the restriction in N as the groups
error. Second, with a finite N, a suboptimal grouping scheme chosen by
survey investigators from all possible N-group schemes leads to less efficient
estimation and produces the grouping error. Without the optimum design of
survey counts, a grouping scheme specified by researchers is likely to be sub-
optimal. For example, the grouping error occurs when the most observed
counts (e.g., 3 times and 4 times) are arbitrarily categorized in a wide
group (e.g., 3 to 10 times). The sum of the groups and grouping errors
gives the total error in the design of survey counts. The optimum design
of survey counts, as we will show next, is able to reduce the grouping error
to zero.
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The asymptotic normality of modified Poisson estimators suggests that a
suboptimal grouping scheme has less Fisher information. Based on the litera-
ture on optimum experimental designs (Atkinson et al. 2007; Goos et al.
2016), one may employ a score function (e.g., A-, D-, E-, or I-optimality)
to compare Fisher information matrices of different grouping schemes and
then decompose the total error into the groups and grouping errors. In particu-
lar, if [ is a real strictly positive definite matrix, A-optimality maximizes
1/Trace(I™"), D-optimality maximizes the determinant of [, and
E-optimality maximizes the minimum eigenvalue of [.

When N = oo and each group only contains one integer, exact enumer-
ation clearly provides the universal optimal grouping scheme that maximizes
a score function. When N is finite for survey counts, the search for a global
optimal grouping scheme that eliminates the grouping error plays a key
role in the optimum design. For a specific score function of Fisher informa-
tion (matrix), the difference between a global optimal grouping scheme and
the universal optimal scheme corresponds to the groups error, while the dif-
ference between the global optimal scheme and an actual scheme chosen by
survey investigators corresponds to the grouping error.

The Optimum Design of GRC Counts: Fisher Information Maximizer

We develop and describe a two-stage search algorithm, the Fisher
Information Maximizer (FIM), to achieve the optimum design of survey
counts with generalized linear models (GLMs). The FIM specifically
addresses two related methodological issues. First, how to process and
assess infinitely many grouping schemes based on an optimality criterion.
Second, how to utilize information provided by data so that the search algo-
rithm is informed by generalized linear models (described in Section 2.1) of
survey counts.

We focus on the modified Poisson model in (2) and the discussion can be
readily extended to the ZIP case. The Fisher information matrix [Fg(ﬂ) of
Model (2) could be defined via the Hessian matrix Hess(Eg(ﬂ)) of (2):

F9p) = —E[%Hess(ﬁf(ﬂ))}, Q)

where the mean is taken with respect to the sample {(X', Yé)}?:l. In particu-
lar, we have [Fg(ﬂ) = —E[Hess(ﬁlg(ﬂ))]. We omit the measure-theoretic dis-
cussion and assume that (4) is well defined and finite for all § € R
Since we usually have no knowledge of the marginal distribution on the
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input space R?*!, Y is replaced by a statistic
1 n 1 ,.
Fip): = —[E[ZHess(Zf(ﬂ)) ‘ {X’}il} = ;Z E[Hess(¢{(8) | X = X'],
i=1

where the conditional expectations are finite sums and easy to calculate.

Let G and G be two grouping schemes. We say that G’ is finer than G if
G c G'. For example, the grouping scheme [never, 1-2 times, 3-5 times, 6—
9 times, 10+ times] is finer than [never, 1-2 times, 3-9 times, 10+ times].
When G C G, one has [F)g((ﬂ) < IF)g(/(ﬂ) and [Fg(ﬂ) < [Fg/(ﬂ) for Poisson-based
models (proof available upon request). Here, for two symmetric matrices A
and B, one writes A > B or B < A, if A — B is positive semi-definite. This
agrees with the intuition that, for both Poisson and ZIP models, a finer group-
ing scheme always leads to a more efficient estimation. This monotonicity
condition has two implications. First, the estimation based on schemes
without grouping or right censoring achieves maximum efficiency. Second,
with the restriction of no more than N groups in any grouping scheme, a
global optimal grouping scheme can always be found among the schemes
with exactly N groups.

Drawing on ideas from optimum experimental design (Atkinson et al.
2007; Goos et al. 2016), we develop the FIM to find a global optimal
design among all the N-group schemes with generalized linear models. Let
o be a function defined on the space of strictly positive definite matrices
such that

w(A) > w(B), whenever A > B. ®))

The requirement in (5) makes the scores a)([Fg) and a)([F)g() monotonic func-
tions of the grouping schemes, where @ may take the form of the A-, D-,
E-, or [-optimality scores (Atkinson et al. 2007).

For any grouping scheme G and a coefficient vector f, we define Q as
follows to apply the search algorithm:

QG, p) = o(Fy(P)).

We use M, Fy, and Fy  to denote a sufficiently large integer, the family of
all N-group schemes, and the subset of Fy with M contained in the last group,
respectively. For positive semi-definite matrices A, B, and C, w(A) > w(B)
does not necessarily lead to @w(A + C) > w(B + C) so that the dynamic pro-
gramming approach (Bai and Perron 2003) cannot be applied. The maximiza-

tion of Q(-,ﬁ) over Fyuy (where ﬁ is an estimate of f* obtained, for
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example, from a pilot study) is then thwarted by two problems: the computa-

tion of [F)g((ﬁ) is time consuming, and one has a large set of grouping schemes
to assess.

To solve these problems, the synthesis stage of the FIM computes the
“building blocks” of [F)g( ($), and then synthesizes the Fisher information matri-
ces by adding up the corresponding blocks. More specifically, for
G = {L;}"", we have

N n
F@) = — Z[%ZQ?(k)Hess log eig(k)}, ©)
=1 " =1
where 09(k) = lek;};l e 21, A = g7 (BTX"), and the Hessian is taken
with respect to the vector f at f = ﬁ In (6), the expression in the square
bracket can be calculated before the choice of a grouping scheme G
because the calculation only needs to specify the pair (l, /) defining the
boundaries of a group to be included in G. The FIM’s synthesis stage is illu-
strated with the example G = {0, 2, 4, oo} in Figure 1. Instead of assessing
infinitely many grouping schemes, the FIM considers two finite sets of
groups for building a grouping scheme through the introduction of M: the
first set (dashed box I) consists of all possible groups not containing any

@ O @ ®
@123 T

Q) |

0 1) 23 U )

Figure 1. An illustration of the synthesis stage of the FIM: synthesizing F,% with
G={0,2,4, oo}.
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integer > M, while the second set (dashed box II) consists of all possible
groups containing all the integers > M. A building block (i.e., the Fisher
information matrix of a group in the dashed boxes) is computed, stored,
and later retrieved to synthesize [Fg of a specific grouping scheme.

We use Gy to denote the maximizer of Q( - ﬂ) on Fy u. In the next val-
idation stage of the FIM, the FIM proceeds differently depending on whether
Gy is validated as the maximizer of Q( -, ,3) on Fy. We define F ;V—l, o as the
totality of all the schemes G, which are obtained from some G € Fy_; 4 by
dividing every integer larger than M into a separate group. For every scheme
G in Fy\ Fyu, there is some G in Fr_ M that is finer than G; the size of
Fy_1m cannot be larger than that of Fy_jpy. We then compare
max {Q(g ﬂ) GeFy v} With Q(Gyy, ﬂ) If the latter is not smaller, Gu
is guaranteed to be the maximizer of Q- ﬁ) on Fy. Otherwise one may
choose a larger M and start over. The specified integer M controls the sizes
of Fym and Fy_,,, so that a larger M is associated with a longer search
time. Yet, M should be large enough to pass the aforementioned validation
criterion, namely, Q(Gy, ﬁ) is not smaller than
max {Q(G, ﬁ) :ge ]—'}V_I,M}. The FIM’s validation stage is illustrated with
the example M = N = 3 in Figure 2, where G’ is clearly finer than both G,
and gz in .7:3 \ ,7:3,3.

Calculate Design Errors and Assess Grouping Schemes

We now use G¢ to denote the current N-group scheme chosen by survey
investigators. Given a coefficient vector # and a data matrix X, we use
GL(P) to denote the global maximizer of Q(-,f) among all possible
N-group schemes. In other words, G.(f) is the maximizer of Q(-, ) on
Fn, which can be obtained by the FIM. We next define G, as the grouping
scheme that each group only contains one non-negative integer, which corre-
sponds to the scenario of exact enumeration of counts in conventional
Poisson regression. As we discussed above, G, is the universal maximizer
of Q. The groups and grouping errors, both of which are non-negative by def-
inition, are given below:

_ QG ) — G, B)
QGw, B ’

e G )~ QUGS B)
groups + — Q(Qoo,ﬁ*) .

5gmupmg - ggmupmg(gc ﬁ ) (7)

®)
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Figure 2. An illustration of the validation stage of the FIM: validating maximizers
with M =N=3.

For empirical applications, the true coefficient vector #* is unknown, so

neither of the errors is computable. We define 5§féupmg and 5fjc’,ups in the

same way as in (7) and (8), respectively, substitute f* with its estimate ﬁ
from generalized linear models, and have:

_ QGLB). B) — Gc. B)

A= 5§:ctzuping = 5551tmping(ng ﬁ) = Y ﬁ) 9)
p=gty . =20 P —GB.P) 10
Q(Ge, )

In general, to compute and assess design errors, we treat these estimates
inferred using modified Poisson models as prior information, identify a
global optimal scheme that maximizes the score function via the FIM, and
then use the diagonal elements of the inverse Fisher information matrix” to
calculate regressor-specific design errors.
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To take into account the design effect and calculate the effective sample
size, we note that the estimator ﬁ with grouping scheme G and sample size
n has approximately a normal distribution centred on the true coefficient
vector f#*,

B—B* ~NQO, nF™).

Here, the covariance matrix (nF9)~! considers the influence of the sampling
error: a “smaller” covariance matrix indicates a smaller error, whereas the
“larger” Fisher information matrix provides more efficient parameter
estimation.

An optimal grouping scheme can usually achieve the same estimation effi-
ciency with a smaller sample size. The FIM also allows us to assess relative
estimation efficiencies based on different grouping schemes. We let n; and n,
be the corresponding sample sizes of two different grouping schemes G; and
G», respectively, and use the following equation:

o(mF{ B) = omFE @),

to calculate the ratio n;/n,, which suggests the relative efficiency. The esti-
mation efficiency based on G, is more efficient relative to that based on G;
if ny/ny is larger than 1. Here, we adopt the A-optimality score function to
make a comparison between Fisher information matrices:

o(F) = 1/Trace(F™1).

For any number ¢ > 0, we have w(cF) = cw(F).

We use n; and n¢ to denote sample sizes associated with the grouping
scheme G; and G, respectively. Based on calculated design errors in (9)
and (10), we have

n_ QGe.p) _1-B-A
e QGup.H  1-B

Using generalized linear models, the calculation of both design errors and the
assessment of grouping schemes is regressor-specific.

L)

Simulation and Empirical Results

Based on different combinations of 4 (200 values evenly spaced from 0.1 to
20)and N (3, 5,7, and 9), we apply the FIM to empty models (models without
covariates), identify an optimal grouping scheme with respect to each com-
bination, and plot the boundaries of these optimal grouping schemes in
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Figure 3. For a specific A, the boundaries separating the N groups of an
optimal N-group scheme are plotted in dots, and then linked by solid lines
across different values of A. With a specific combination of 4 and N, a
point in the dashed line denotes the efficiency of a modified Poisson estimator
with an optimal N-group scheme relative to the conventional
Poisson-regression estimator. The denominator of the relative efficiency is
Fisher information of the conventional Poisson-regression estimator 1/A.
Following a general practice in survey research (Coughlin 1990; Johnston
et al. 2017; Kann et al. 2018), zero is designed to be contained in a separate
group.

Except for the first group (containing zeros), integers separating groups
demonstrate an increase with a larger A in all scenarios. When the total
number of groups is small (N = 3), the relative efficiency decreases substan-
tially (to around 60%) with a larger A but the decrease levels off around 4 = 5.
While a similar pattern holds for the other three scenarios (i.e., N is 5, 7, and

Optimal 3-group schemes Optimal 5-group schemes
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Figure 3. Boundaries of optimal grouping schemes (solid lines) and relative
efficiencies of modified Poisson estimators (the axis of dashed lines starts from 60%)
with combinations of 4 (evenly spaced from 0.1 to 20) and N (3, 5, 7, and 9).
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9), it appears that such loss in the relative efficiency is greatly attenuated with
alarger N. As 4 approaches 20, the relative efficiency is still around 95% and
97% with N =7 and N = 9, respectively. These results suggest that, with a
reasonably large N and the optimal design of survey counts, the performance
of modified Poisson estimators with grouped and/or right-censored counts is
comparable to that of the conventional Poisson-regression estimator.

The second simulation study uses generalized linear models with covari-
ates to investigate the finite-sample performance of different types of
regressor-specific design errors. Based on the logarithm link function
2:(t) = logt, we have the Poisson parameter A = g;' (B, + fBix1 + frx2)
and set f, = —1, f; = 1, and f, = 2. Besides the logarithm link function,
the ZIP case also uses the logit link g,(f) = log ;- to consider the binomial
parameter p = g;l(yo + y,u1), where we set yo =1 and y;, = —1. The
initial values of all the parameters are set to zero for maximum likelihood esti-
mation and design errors are calculated based on 1000 replications with dif-
ferent sample sizes (n = 400, 1200, 3600, and 10800).

For each parameter estimated with a specific sample size n, their corre-

sponding design errors Egyo - E s ng,,ping and £ . (see Section
2.2) are reported. Because £ “and £EY are obtained by substituting

groups grouping
B with its estimate ﬂ these two design errors are expected to be close to

Egroups A E grouping. respectlvely, if the estimation is accurate. Likewise, by
replacing G (f*) with QL(ﬂ) in (7), the grouping error egm,pmg(gL(ﬂ) p) is
expected to converge to zero as n — oo. The value of Q associated with
the universal maximizer Go,, or Q(Geo, f*), is also reported for readers’ refer-
ence. After 1000 replications, standard deviations of these estimated design
errors are reported in parentheses. The grouping scheme of [never, 1-2
times, 3-5 times, 6-9 times, 10+ times] is used for all simulation scenarios.

Results from Table 1 clearly suggest the validity of the FIM. When actual
parameters are replaced by sample estimates for both Poisson and ZIP cases,
both &5, and 0%, ... are very close to their counterparts &gryyps and
Eqrouping, Tespectively, even when the sample size is relatively small
(n = 400). When the sample size becomes moderate or large, sample esti-
mates are almost identical to actual parameters and their differences
become negligible. Grouping errors Egm,,p,-ng(QL(ﬂ), p*) are small and con-
verge to zero as n — oo. As expected, G, f*) increases with sample
size. Design errors associated with the binomial part of ZIP models appear
to be trivial as compared with those of Poisson models: the choice of grouping
schemes has little impact on the estimation of the binomial parameters as long
as the zero count (i.e., never) is contained in a separate group. In Table 1,
groups errors appear to be higher than grouping errors for both Poisson
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and ZIP cases, but this conclusion is specific to the choice of simulation para-
meters and may not hold in other simulation or empirical scenarios.

We next present results from an empirical example of adolescent alcohol
abuse, which is an important determinant of adverse health and psychosocial
outcomes, including unintentional injuries, suicide, mental disorders, domes-
tic violence, traffic accidents, and impaired productivity (Courtney and Polich
2009; Stewart 1996). Alcohol abuse during adolescence can be especially
hazardous given its long-term impacts on lifetime alcoholism, educational
attainment, cognitive impairments, social isolation, and mental illness
(Courtney and Polich 2009; Crum et al. 1998; Stewart 1996).

The dataset is from the Monitoring the Future project. As the largest
repeated cross-sectional survey on adolescent risky behaviours (e.g., drug
use and juvenile delinquency) in the United States, the Monitoring the
Future project annually interviews students from hundreds of American
middle and high schools (Johnston et al. 2017). Our empirical analysis was
based on 12t graders (N=2,748) included in the 2018 wave of the
Monitoring the Future project. One’s frequency of alcohol abuse is measured
by the same question [i.e., “on how many occasions (if any) have you been
drunk or very high from drinking alcoholic beverages”] and the same
7-group GRC scheme as the response category: [0 occasions, 1-2 occasions,
3-5 occasions, 6-9 occasions, 10—19 occasions, 20-39 occasions, 40+ occa-
sions]. Yet, three reference periods (during the last 30 days, during the last 12
months, and in one’s lifetime) are used to explore frequencies of adolescent
alcohol abuse, and we separately analyzed outcome variables with different
reference periods to assess the performance of the FIM.

The descriptive statistics of outcome variables are shown in Table 2. As
expected, respondents reported more occasions of alcohol abuse with
longer reference periods. For those who were asked to report their lifetime
frequencies of alcohol abuse, the specific 7-group scheme does not appear
to be a preferred way to capture the full spectrum of counts because its 7
groups tend to concentrate on the lower end of the observed distribution
(e.g., 0 occasions, 1-2 occasions, 3-5 occasions). Therefore, we may
expect larger design errors when the frequencies of adolescent alcoho