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1 Introduction

The quality of inference based on survey data depends on the ability to recognize and adjust for discrep-
ancies between respondents and the target population, an issue that is relevant to both probability and
nonprobability samples. Probability samples are increasingly subject to low response rates, so such sam-
ples often represent a random selection of individuals willing to participate in the survey rather than a
random selection of the population (Curtin, Presser, and Singer 2005; Tourangeau and Plewes 2013). As
a result, researchers often rely on techniques such as propensity modeling (Valliant and Dever 2011) and
calibration (Deville and Sarndal 1992) to adjust for systematic nonresponse.

At the same time, nonprobability sampling, which bases selection primarily on availability, has been
gaining popularity due to the relative ease and low cost of data collection (Groves 2006). In a notable
example of its potential effectiveness, Wang et al. (2009) used multilevel regression and poststratification
(Park, Gelman, and Bafumi 2004) to make election forecasts for the 2012 U.S. presidential election based
on the responses of X-box users, a subset of the population that is highly unrepresentative of the voting
public. More recently, the Journal of Survey Statistics and Methodology devoted a Task Force Report and dis-
cussion to the use of nonprobability samples in surveys, stressing the need to develop methodologies for
using such data to make population inferences (Baker et al. 2013). A major component to accomplishing
this goal is understanding how samples differ from the population with respect to heterogeneous clusters
of the population.

In the context of surveys, ex post adjustments are usually based on easily measured variables with
known distributions in the target population, such as age, gender, or income. In this work, we focus on
identifying and assessing the effect of an overlooked source of heterogeneity related to household struc-
ture and dynamics. In accordance with the theories on household economics, most notably those outlined
by Becker (1991), efficiency dictates that the performance of household tasks is often concentrated among
a subset of household members. For example, having one person responsible for purchasing all weekly
groceries limits trips to the store and reduces the need for coordination. As a result, the heterogeneity of
peoples’ behavior is at least partially related to having different roles within a household.

The sampling of individuals inherently involves selection from within households, so a tendency to
select certain types of members results in unrepresentative samples. Failing to account for this tendency

in estimation is likely to produce biased estimates for any variable related to the respondent’s household



role. This paper takes advantage of a unique aspect of the 2012 Survey of Consumer Payment Choice
(SCPC), in which certain respondents come from the same household, to study the presence and ramifi-
cations of this type of selection bias within the context of consumer payments studies.

The paper proceeds as follows. In Section 2, we describe the 2012 SCPC sample attributes and sur-
vey variables that are used in our analysis. Section 3 introduces a model that maps these variables to a
measure of a respondent’s true level of household responsibility and discusses a procedure to estimate all
model parameters. In Section 4, we use our model estimates to argue that the 2012 SCPC selection pro-
cess favors household members with higher shares of financial responsibility. Section 5 studies how the
estimated household contributions of the respondents relate to the share of household payments for four
types of payment instruments, while Section 6 offers insight into the magnitude of the bias in population
mean estimates due to the apparent sample selection bias. Finally, a discussion of the results, including

implications for the effective design and analysis of consumer surveys, is featured in Section 7.

2 Data

The data considered in this paper come from the 2012 Survey of Consumer Payment Choice (Schuh and
Stavins 2014), a survey fielded annually by the Consumer Payments Research Center (CPRC) at the Fed-
eral Reserve Bank of Boston. Respondents to the SCPC are adults (18 years of age or older) selected from
the RAND Corporation’s American Life Panel (ALP). The SCPC asks respondents to provide information
about adoption and use, both current and past, of different payment instruments, along with other infor-
mation about their consumer decisions and preferences. A fundamental goal of the SCPC is to estimate

parameters, such as the average number of monthly payments made, for the entire U.S. adult population.

2.1 Sample Selection

This paper’s analysis is strictly limited to the 2012 SCPC sample. However, the mechanisms of how
respondents are recruited determine to what extent our findings can be generalized to other samples or
sampling methodologies. In 2012, an invitation to participate in the SCPC was sent to 2,473 individuals
who had taken the survey in previous years and to 1,197 newly recruited individuals selected randomly
from within certain demographic groups. Of those who had taken the SCPC before, around 900 were
part of the 1,100 or so original SCPC panelists in 2008, with the rest, again, chosen at random from within

certain demographic subsets of the ALP at some point from 2009 to 2011. All the respondents were offered



a financial incentive to complete the survey. More details can be found in Schuh and Stavins (2014).

Because around 85 percent of the invitees agreed to participate and over 50 percent of the 2012 ALP
panelists took the 2012 SCPC, the results likely reflect how well the ALP represents the U.S. adult popula-
tion. The ALP is a well-established source of respondents, used by academics and government agencies in
over 400 surveys spanning behavioral, political, and economic studies. Perhaps the most recognizable is
the 2014 Midterm Election Opinion Study, a collaboration between the RAND Corporation and the New
York Times’s website, The Upshot (Carman and Pollard 2014). The ALP’s popularity makes insight into
the panel’s potential deviations from the U.S. population of sufficient interest.

The ALP is composed of two fundamentally different types of panelists. Around 80 percent were re-
cruited through well-recognized procedures, albeit from a series of as many as eight different methodolo-
gies, rather than one concerted effort. Initially, RAND contacted individuals from other already-existing
cohorts, most notably respondents of the University of Michigan’s Survey of Consumers, who were origi-
nally chosen through stratified random digit dialing. From 2011 to 2012, the ALP relied on address-based
sampling in ZIP codes with high percentages of Hispanics and low-income households to recruit around
2,000 individuals. Other sources of panelists include experiments in mail-based and phone recruiting.
The set of the above panelists most closely resemble those found in other panels and probability samples.

In addition, RAND invited individuals already in the ALP to volunteer fellow household members
as panelists. Around 20 percent of the ALP was recruited in this manner. The availability of multiple
respondents from the same household allows for interesting household-based studies, and this feature is
crucial to this paper’s analysis. Nevertheless, this multiplicity is a rare feature for online, opt-in panels
and probability samples. Thus, to make conclusions as generalizable as possible, we study selection
bias among those SCPC respondents who represent the first point of contact for a household. While
recruitment into the 2012 SCPC is a complicated, multi-stage process, there is no obvious reason why the

results for this subset could not apply to other respondent sources.

2.2 2012 Survey of Consumer Payment Choice

The SCPC is a consumer-focused survey, as respondents provide answers as individuals and not as house-
hold representatives. The 2012 SCPC cohort features 3,176 respondents from 2,822 households. Table 1
shows the breakdown of these households by a cross-section of the total number of adults in the house-

hold and the number that are featured in the sample. While most households are represented by one in-



dividual, 303 multi-person households are represented by at least two individuals, and 243 multi-person
households were fully sampled, meaning all adult members in those households participated in the sur-

vey.

Household Size (# Adults)

# Adults in Sample || 1 2 3 4 |'5]16|7]8
1 754 | 1,269 | 303 | 135 |48 | 6 | 2 | 2
2 207 | 28 |19 | 2 4|10
3 27| 5 | 1]0/0/0
4 9 |0|0]0]O0

Table 1: Sample Counts of Households by the Number of Adults in the Household and the Number of Adults in
the SCPC

Each ALP member completes the “My Household Questionnaire” (MHQ) every three months to keep
individual and household demographic information up to date. The data from the MHQ can be used to
determine the ages of every household member. Occasional discrepancies in the information provided by
members of the same household arise, though this is usually limited to the ages and number of children.
If inconsistencies cannot be clarified via other means, the number of adults is estimated by rounding the
average number of adults reported by each member.

Insight into an individual’s role within the household is gained from a set of four “financial responsi-
bility” questions, a screenshot of which is shown in Figure 1. Specifically, the individual is asked to rank

/i

his or her responsibility for “paying bills,” “household shopping,” “making decisions about saving and
investments,” and “making decisions about other household financial matters” on a scale of 1 to 5, with
1 representing “no or almost no responsibility” and 5 representing “all or almost all responsibility.” A
summary of the response distributions among 2012 SCPC respondents is provided in Table 2. For each of
the four questions, the responses are notably skewed toward higher degrees of responsibility. The MHQ

also provides information for the relative rank of the respondent’s income within the household, but this

data is not used in the following analysis.

None or Almost None | Some | Shared Equally | Most | All or Almost all
Paying Bills 13.0 9.5 13.4 7.3 56.8
Shopping 6.5 13.0 20.1 15.0 45.4
Saving and Investments 9.5 8.1 29.1 12.1 41.2
Other Decisions 8.1 7.9 28.4 12.7 42.9

Table 2: Percent of Respondents Providing Each Rating



First, help us to understand your role in the financial activity of your household.

In your household, how much responsibility do you have for these tasks?

* Check one per row only.

Shared
None or equally Al
almost Some |with other | Most or
almost all
none household
members
Paying monthly bills (rent or mortgage, utilities, cell
phone, etc)
Doing regular shopping for the household (groceries,
household supplies, pharmacy, etc)
Making decisions about saving and investments
(whether to save, how much to save, where to invest,
how much to borrow)
Making decisions about other household financial
matters (where to bank, what payment methods to
use, setting up online bill payments, filing taxes)
<<Back | Next>>

Figure 1: Screenshot of the Financial Responsibility Questions in the 2012 SCPC
3 Modeling Household Financial Responsibility

A household member’s share of responsibility for any particular activity can be defined through a variety
of metrics. For the purposes of this work, however, it is only important that the reported categorizations
of share responsibility provided by each household in the 2012 SCPC offer insight into the true responsi-
bility of shares for some well-defined metric. We define the “financial responsibility quotient” (FRQ) as
the average of the shares of responsibility held by an individual for each of the four activities featured in
the SCPC (shown in Figure 1). The FRQ is just one possible measure of an individual’s role in the house-
hold. Other measures, based on different sets of activities, different weights placed on those activities,
or predetermined metrics used to define the responsibility share, can also be generated and are briefly
discussed in later sections.

This section is devoted to developing a statistical model that permits posterior distributions to be
generated for the FRQs of all respondents in the 2012 SCPC, as well as a posterior distribution for FRQs
in the entire population. The presence of households with several sampled members is fundamental
to this process because the extent to which reported shares from such households are consistent with
each other provides valuable insight into the reliability of the responses. Information about the response
accuracy can then be used to define posterior distributions for the FRQs of respondents who are the sole

representatives of a given household.



3.1 Financial Responsibility Quotients

As the SCPC focuses on adult consumers, households, indexed by subscript h, are classified by the num-
ber of adults in the household, nj,. The FRQ of individual ¢ in household h is depicted as Aj;. Because the

FRQs represent proportions, there are the added conditions that Ay, € [0,1] and

np
Z Ani = 1,
=1

for all h. We let A\, = {Ap1, ..., Apy, } represent a random permutation of FRQs for the entire household.
The permutation means that \;, defines the absolute distribution of the FRQs without considering to
which household members these likely correspond.

As a flexible model for finite-dimensional, discrete probability distributions, we assume a Dirichlet

distribution for the vector of FRQs of a household, \j:
An  ~ Dirichlet(ng, ). (1)

The parameterization in (1) corresponds to a Dirichlet distribution for a vector of length n;, with the
concentration parameter for each component being 75,. This model can be derived as an approximation
to a model in which the vector of FRQs, ordered according to known and expected sizes, is randomly
permuted to create \;,. Details of this derivation are found in Appendix A.

The model in (1) implies that the expectation E[\;] = % for all 4, and the concentration parameter
7, defines the degree of dispersion of the FRQs within a household. Larger values of 7;, condense the
probability mass of \p; around % for each i. More specifically, the \; are exchangeable and follow a
Beta (73, T (np, — 1)) distribution. In this formulation, the concentration parameter differs across house-
holds, allowing for heterogeneity across different types of households.

For most households in the 2012 SCPC, )\, is not observed in full, just a subset of size s;, < nj. Since
which household members are selected into the sample and the order in which they enter might relate to
their role within the household, the assumption of exchangeability no longer applies. Thus, unlike for Ay,
the order of FRQs for sampled members, Ay C )\;, does matter: A7, the it" element of A7, represents the
FRQ of the i*" household member selected into the ALP. In particular, the FRQs of the first recruits, those
members who were the original point of contact for the household, are represented by A7,. Throughout

the remainder of the paper, the superscript “0” serves to signify observed data.



3.2 Financial Responsibility Scores

We now propose a model that relates the responses to the four financial responsibility questions shown in
Figure 1 to the FRQs. We let F},;; represent the response given to the j* financial responsibility question
by individual ¢ in household h. The statistic that naturally corresponds to the FRQ is the financial respon-
sibility score, defined as F},; = Fji1 + ...+ Fpis — 4. These scores take integer values on [0, 16], and higher
scores represent higher reported levels of responsibility within the household.

Ideally, the financial responsibility score directly reflects the true FRQ through the relationship Fj; =

[16\p;], where the brackets denote rounding to the nearest integer. Of course, a certain amount of di-

Fp;

vergence is expected between \p; and the survey-implied quotient, 4.

There are many sources of dis-
crepancy, which we collectively dub “reporting error,” despite the fact that not all discrepancies reflect
a mistake made by the respondent. For example, household members younger than 18 years who have
some household responsibility will introduce a disparity between the survey results and \; as we have
defined it. Reasonable differences in interpretations of the four areas of financial responsibility, the use of
different metrics to define the responsibility share, and disagreements on the difference between “almost
none” and “some” among members of the same household may skew household scores as well. Finally,
more traditional sources of response error such as straightlining and misunderstanding the question also
affect the distribution of responses (Schaeffer and Presser 2003). Nevertheless, we expect that Fj,; and \p;
will be correlated, with the former serving as a noisy estimate of A;.

A sense of this noise can be gathered from Figure 2, which shows the reported values of F},; for indi-
viduals from the same household. As expected due to the fact that more responsibility for one household
member generally implies less for the others, the plot shows a negative correlation between the reported
scores of one household member with the sum of scores from all other members. At the same time, there
are instances in which there is an apparent inconsistency. For example, there are two households of size
ny, = 2, in which both adults are sampled and both adults provide scores of Fj,; = 16. Other insight into
response error comes from a study of individuals representing one-adult households. Roughly 80 percent
of these respondents claimed full financial responsibility (F; = 16), and 90 percent claimed a large ma-
jority of such responsibility(F}; > 12). Overall, despite evidence of some response errors, we believe that
survey responses offer useful insight into financial responsibility levels within the household.

The F},; follow some probability distribution on the integers from 0 to 16, defined at least partly by the



Financial Responsibility Scores Within Households
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Figure 2: Financial Responsibility Scores in the 2012 SCPC for Members of the Same Household
Note: Filled circles and dotted lines show scores for households with more than two members in the sample.

true \p;. In this work, we consider the following model:

exp (~gultl[ i~ ) i >

P(Fpi = f | Ani) exp (—(bu[h]‘)\hi — TfGD , i A < %‘

)

The assumed model in (2) has several attractive features. First, under the assumptions that ¢, [h], ¢¢[h] >
0, it assures that F},; = [16\y;] is at least as likely as all responses. In fact, if both parameters are greater
than 0, [16);] will be the mode. Second, by virtue of using two parameters, ¢y[h| and ¢, [h], the model
allows for different likelihoods of over- and under-estimation of one’s household responsibility. This is
important, as the data shown in Figure 2 suggest that respondents are more likely to overestimate their
share of financial responsibility. As with the distribution of ), the degree and direction of the reporting
error associated with F},; | Ap; is allowed to depend on the household to which the individual belongs.
Again, this flexibility recognizes that certain types of households might have more ambiguous household
dynamics, resulting in greater discord between true and reported responsibility.

A full model for the observed household scores must establish the dependence of reporting error
among members of the same household. Assuming that each individual’s survey responses are not influ-

enced by those of other household members implies that

Sh

P(FY | A7) = [T PFs | M%) 3)
=1



However, a study of the data reveals an interesting pattern relating to the reported scores of individuals
who are the sole representatives of their household. Figure 3 depicts the distribution of financial respon-
sibility scores for the primary individuals sampled from two-adult households and households of three
or more adults. A distinction is made between households in which multiple members responded to the
survey and those in which only one member responds. Although the general shape of the distribution is
similar in both cases, it is clear that for households with only one sampled member (s;, = 1), the propor-

tion of cases for which F}, = 16 is significantly higher. Unfortunately, it is impossible to determine if this

Frequency of Financial Responsibility Scores: Two-Adult Households
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Figure 3: Distribution of Financial Responsibility Scores for the First Household Member Sampled

Note: Results are shown for those who are the sole household representative and for those who have at least one
more household member in the 2012 SCPC.

phenomenon is due to differences in selection or in reporting. Selection differences might arise from the
fact that households with a dominant decisionmaker are less likely to volunteer other household mem-
bers into the panel, while reporting differences may stem from the fact that respondents who know that
no other household member is taking the survey are more likely to exaggerate their financial role or take
the question less seriously in responding. Nevertheless, we adopt the independence assumption given in

(3), with the hope that it is largely true. Independence across households is also assumed.

3.3 Estimating Financial Responsibility Quotients

This section presents the methodology for estimating the FRQs of the 2012 SCPC respondents. We let

Fo = {F¢} and \° = {\?} define the set of scores and quotients for all observed members of households



featured in the 2012 SCPC. Adopting a Bayesian framework, we would like to sample from
P(A° | F°) o P(F°|A;)P(X). 4)

For one-adult households, determining A, is trivial, as our prior assumptions force A;; = 1 with a prob-
ability of 1. However, for multi-adult households, the posterior distribution in (4) is defined by many

components. The three major factors relating to inference of Ay, are:

1. The distribution (d) of A\;, within households: P()\; | v4). In our notation, vy = {7}, the Dirichlet

concentration parameter in (1).
2. The reporting error (e) in mapping Ap; to Fp;: P(FY | A9, ve). In our notation, ve = {¢¢[h], p.[h]}.
3. The selection process (s), which might favor certain types of individuals: P(A} | Ay, vs).

Without making strong assumptions, the model’s multiple parts present identifiability problems for
our data, most notably due to confounding between reporting error and the model’s other features. Per-
haps the most obvious form of unidentifiability relates to cases in which only a subset of household
members are featured in the sample, leading to incomplete household financial responsibility scores, thus
that FY C Fj,. In this case, it is impossible to distinguish between the effects of the selection process and
reporting error. For example, in a three-adult household, if two members are sampled and provide scores
of F = {2,2}, it is unknown whether the observed scores reflect a process that tends to select individu-
als who do not shoulder much financial responsibility within the household, or if the observed data is a
result of respondents underestimating share of responsibility.

Fully-sampled households can also present identification issues, in which dispersion of the \;; and
error cannot be distinguished. If the observed F},; are distributed uniformly on 0 — 16, the likelihood
P(X\°, 7, | F°) can be made arbitrarily high by claiming independence between Fj,; and \y;. Letting
¢¢ = ¢, = 0 will match the observed distribution of F° and the whole likelihood can be driven up by

increasing 75, and concentrating all \j; around =-. The resulting inference — that every individual has an

1
nh
equal role within each household — shows that posterior maximization may not correspond to reality.
As a solution, we first estimate the reporting error, v., and then make all inferences about the remain-
ing parameters conditionally on the estimated v.. We estimate v, so that the reporting error component

contributes as little to the variation in the Fj; as possible. Specifically, we are interested in the v, that

10



maximizes the likelihood,

Lwe, ) =[] PEve,Xp). (5)
{hlnp=sn}

Considering only fully-sampled households removes confounding between the reporting error and se-

lection biases. There are no constraints on A9 other than ) ;" \9. = 1, so that as much of the variation

in the Fy; as possible is explained by variation in A, rather than reporting error. We define 7, as the set

of parameters that optimizes the likelihood in (5), which will be highest when some measure of distance

o
Fh i

(0]
from A7, to T3

is minimized. Details on how this likelihood is optimized are provided below in Section
3.4.

Fixing the parameters relating to the reporting error is akin to making a very strong prior assumption
about the reporting error’s role in determining the observed financial responsibility scores, as we are
forcing as little distinction between truth and reporting as possible in the data. Once 7, is estimated, we

consider the probability distribution:
P\ vg,vs | FO,0e) o< P(F°| X, 0e)P(N | vs, vg)P(vs, va).

A priori, we assume that the number of individuals and their respective FRQs are chosen at random
from the household, independently from the quotient values themselves. Considering the probability
function describing the selection process conditionally on the full set of household quotients, ), this

means:

np

PO, [ A vasvs) = > POG | A sis va, v)P (s | Ans v, vs)

sh—l
np
1 1
o Z nhY gy, (6)
As stated, the second line in (6) makes two key assumptions: first, that conditional on the number of
sampled household members, sp, every set of s, members is equally likely to be selected and second,
that the number of household members selected into the SCPC, s, is uniform on integers from 1 to ny,.

Making these two assumptions effectively defines the prior for v, and indicates a belief that there is no

selection bias. Because (6) implies that A} is independent of )\, integrating with respect to \;, yields

PO, [ va,vs) o< PN, | va),

11



with the right-hand side defining the distribution of a randomly chosen subset of size s;, from a vector
of size ny, itself drawn from the Dirichlet(ny, 73,) distribution. The aggregation property of the Dirichlet
distribution makes this a tractable distribution. Because we are not making predictions for unobserved
respondents, there is no need to specify and estimate the selection process. If there is a selection bias in

the SCPC, it will be reflected in the posterior estimates of A\°. The posterior distribution is thus given by
P\ v | F° D) o< P(F?| X, 0e)P(N | vg)P(vs, va). (7)

A discussion of how v4 and v, are defined, along with details of the parameter estimation, are provided

in Section 3.4.

3.4 Model Specification

For the purposes of this work, households are classified into two groups, defined by the number of adults
in the household. Specifically, we differentiate between households with two adults and those with three
or more adults. To this end, we define

o — 1, np=2
"Tl 2, >3,

to identify the classification of household h. This delineation is primarily motivated by economic intu-
ition. The set of households with two adult members is primarily composed of life partners for whom
cooperation and the sharing of household decisions is a major component of the relationship. Households
with three or more adults will feature a wider array of family arrangements and, as a result, might show
a higher level of variation in financial responsibility levels within the household. A better sense of the
total number of financial decisions being made within a household might also enable members of smaller
households to better assess their own contribution. While it would be interesting to make finer distinc-
tions by household size for the larger households, the practical limitation of having only 27 fully-sampled
three-adult households and nine fully-sampled four-adult households makes this difficult.

Based on this reasoning, parameters relating to the distribution of quotients, 14, and to the reporting
error, v,, are defined separately for each class of households. Thus, we define vy = {71, 2}, with 7, in
(1) equal to 7, . Similarly, we define the error parameters as ve = {1, Pu1, Ge2, Pu2}, with the first two
elements defining the error function in (2) for households with n;, = 2 and the remaining two doing the

same for households for which n;, > 3.

12



We estimate v, for the two types of households by sampling 1,000 draws from the Dirichlet(1, n) for
each household. For ¢ = 1,2, we conduct a grid search over ¢. = {¢¢., puc} € [0,2] x [0, 2] to identify the

pair that maximizes

> maxlog P(F; | X;[K], o). ®)

{hlnn=sn}
with ¢ [k] representing the k" draw of ¢ and each evaluation corresponding to the log of (5).
All other parameters are estimated conditionally on the estimated ¢, through a Markov Chain Monte

Carlo (MCMC) algorithm. In each iteration of the algorithm we do the following;:

1. For ¢ = 1,2 draw 7, from

P(r | ) [T PO I7)| P(ro).
{h|cn=c}

We assume a noninformative prior P(r.) o 1.

2. For each household, h, draw A} from

PO | B, Tepsbey) o PO | 7e)P(FY | A7, be,)-
3.5 Results

The first step of the estimation process is to determine ¢. for ¢ = 1,2 by maximizing the log-likelihood in
(8). The resulting contour plots from the grid search, shown in Figure 4, indicate that the log-likelihood is
maximized at ¢; = {1.3,.4} and ¢2 = {0.8,0.2}. Larger values for ¢; than for ¢, suggest that the distri-
bution of survey-implied quotients is more closely concentrated around the true quotients in two-adult
households than for larger households. The fact that ¢y, < ¢, in both cases confirms that individuals are
much more likely to overstate their household share of financial responsibility than to understate it. As
an illustration of both phenomena, Figure 5 shows the distribution of Fj,; | Ap; for Ap; = 0.2 and A\p; = 0.8
as estimated for an individual from each type of household. Despite nontrivial error and a tendency to
overstate responsibility, the results suggest that F},; is, generally speaking, a good proxy for Ap;.

We run the MCMC algorithm with a burn-in period of 1,000 iterations, sampling 200 posterior draws

5th

for each parameter of interest by recording every 15" iteration of the algorithm. The posterior estimates of

T are shown in Figure 6. Again, the results suggest that the dynamic in two-adult households is different
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Figure 4: Contours of the Log-Likelihood of Observed Financial Responsibility Scores based on Different Error
Parameters, v., by Household Type
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Figure 5: Distribution of Financial Responsibility Scores for Ay; of 0.2 and 0.8 for Individuals from Two-Adult and
Multi-Adult Households

from those in households with more adults. In the former, financial responsibility tends to be shared
more evenly (meaning a higher concentration around %), perhaps because larger households include life
partners housing adult children or elderly relatives, who might have less say in the household’s financial
decisions.

Figure 7, depicting the posterior draws of A7, for five households, illustrates how the estimation pro-

cedure links likely FRQs to the survey-implied quotients, ?g , in different situations. The first two panels

show two fully-sampled households, one consisting of two adult members and one with three adults, in
which the members’ financial responsibility scores show a fair amount of internal consistency (defined

by how close the sum of scores is to 16). The result is that the posterior estimates of A7, are dispersed
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Figure 7: Posterior Estimates of Af for Five Households in the 2012 SCPC

Fhi
716

relatively near the implied scores, 52.. The third panel shows a fully-sampled two-adult household with
clearly inconsistent scores, in this case ;7 = {15,12}. The lack of internal consistency results in much
more uncertainty about the true values of the FRQs than for the first two-adult household. Nevertheless,
the relationship between the members is preserved, as the individual with a higher score also has a higher
posterior mean. Finally, the last two panels feature partially-sampled households, in which only one rep-
resentative took the survey. In both cases, the individual responded with a score of F}, = 16. However,

in the case of the three-person household depicted in panel 5, the overall evidence of greater reporting

error results in more variation in the final value and a lower posterior mean than in the two-adult house-
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hold shown in panel 4. As might be desired, in cases where all household members were featured in the
survey, the posterior mean is essentially proportional to the individual’s score over the total household

o

Fhi
score, m
4 Selection Bias in the SCPC

The analysis in Section 3 yields estimates for the distribution of household FRQs in the population, Ay, as
well as estimates for the particular FRQs of respondents in the 2012 SCPC, A?.. Unbiased selection from
within households should yield sampled FRQs that are consistent with the population distribution. Thus,
comparing the average FRQs in the 2012 SCPC sample to the expected distribution of such a mean under
a random sampling of household members is akin to testing for the presence of a selection bias by using
the sample average as the test statistic. We do so for households of size n = 2, 3,4, which for each there
are my, = »_, 1[n, = n] individuals in the 2012 SCPC. The values of m,, are shown in Table 1. Focusing

on the first recruits, we define
NO 1 o
X(n) = — > Ml =n]
my 3

as the average FRQ of all first recruits from households of size n. The 200 posterior draws of each Ay, can
be used to generate a posterior distribution for \°(n).

The expected distribution under random sampling from within households can be calculated based on
our modeling assumptions and parameter estimates. Specifically, if the unordered FRQs of a household of
size n follow a Dirichlet(7,,) distribution, then the FRQ of a randomly selected household member follows
a Beta(r,,, (n—1)7,). Within this context, A\°(n) can be be viewed as one outcome from the random variable

- 1 o
An) = - ; Zy(n),

where Zj(n) are independent draws from Beta(7,, (n—1)7,). Figure 8 shows histograms for 200 posterior
draws of A\°(n) and A\*(n), the latter being simulated using posterior mean estimates, 7,. For all three

household sizes the sample average FRQ in the SCPC is significantly greater than the expected value of
1

—, even when sampling variation is accounted for.
Despite the fact that our model does not assume intra-household selection bias a priori, the posterior

results suggest that the SCPC is oversampling household members with higher financial responsibility.
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In other words, household members who have more financial responsibility are more likely to appear
in the panel. Such a phenomenon could be a result of panelist characteristics, if those more involved
in household matters are also more likely to agree to being surveyed, or be unique to the recruitment
methods used, say if mailed panel invitations are more likely to be filtered through a head of household.
In Section 6 we consider whether over-representation of high FRQs in the 2012 SCPC relates to an over-
representation of certain demographic variables, but otherwise leave the study of what type of household

members report higher shares of financial responsibility for future work.
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Figure 8: Histogram of 200 Posterior Draws of A\°(n) and \*(n)

5 Relating Financial Responsibility Quotients to Household Payments

The presence of a selection bias is interesting in its own right, but it becomes even more so if the bias
affects a variable of interest. In this section, we motivate and fit a model to determine the extent to which
the estimated FRQs relate to the reported share of household payments. It is possible that they do not,
either because the variable \j; does not correlate with payments behavior or because our methodology

provides poor estimates of \y;. Again, the analysis relies on having more than one respondent from a
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subset of households.

Consider Y},; to be the number of payments made in a “typical” month by individual i of household
h, as measured in the SCPC. Below, the analysis is done for four types of payment instruments, but for
the purposes of presenting the model, we let Y}; correspond to an unspecified payment instrument. We
let T, = Z?jl Y}, represent the total number of household payments made, or at least the number that
would be reported if all members participated in the survey. Additionally, 75, = {y4i} represents the share
of household payments made by each adult member. Insight into 7;,; is revealed in the data through the
relationship between Y}; and 7},.

One simple model expresses this relationship by
Y ‘ Thyvn ~ Multinomial(Th, ’}/h). 9)

If the FRQ of an individual relates to the share of household payments, then \; informs ~;; and vice
versa. To test this, we use Dirichlet regression (Campbell and Mosimann 1987; Hijazi and Jernigan 2009),

which defines the distribution of one vector of shares with respect to a second vector of shares:
Y ~ Dirichlet({a\, + b}), (10)

where {a)\;, + b} is the vector of the Dirichlet concentration parameters. Because the Dirichlet concentra-
tion parameters must be positive and \y; € [0, 1], we impose the restrictions thatb > 0 and a + b > 0. As
parameterized in (10), a and b define the strength of the relationship between financial responsibility and
the share of payments made. Large values of q, relative to b, suggest a strong correspondance between
Ani and 7p;, and increasing a implies greater predictive power between the two variables. Alternatively if
a = 0, the FRQ does not relate to the share of payments at all.

In the case where data for only a subset of household members is observed, we define 7 = ;" Y,
as the total number of payments reported by the sampled members of household h. Then, the assumed

multinomial model in (9) further implies that

Y2 | TP, v ~ Multinomial(T?,~'7), (11)

o
where 7/, = —oiki

SR o By the aggregation properties of the Dirichlet distribution,
i=1 Thi

v'% ~ Dirichlet({a)\y; + b}). (12)
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Combining (11) and (12), the likelihood function for (a, b) for household h can be expressed as

Li(a,b) = /P(Y;fIT;?,W’Z)P(v’Z!a,b,/\%Yé’)dv’% (13)

and the integration of (13) leads to the closed-form likelihood,

Ln(a,b) = L(ad i N+ spb) [T T(Yhs + aXy, +b) ”
o T(a3252y AG; + snb+ TR) [ 32, T(ag; +b)

If only one household member is sampled (s, = 1), the likelihood in (14) reduces to 1 for all a and
b. Yet these cases can be used to estimate the parameters if prior information about 7}, is incorporated.
Knowledge about 7}, combined with Y}’ provides information about the number of payments made by
unsampled household members. Similarly, A7, and 7., define the likelihood of A;; for the unobserved
household members. The conditional likelihood in (14) can be integrated with respect to likely outcomes
for the unobserved household members to estimate a and b. However, other than a general sense of
an upper bound, we know little about the distribution of 7},. A relatively uninformative prior seems
unlikely to aid much in our estimation. This fact, combined with the relative ease of estimation if prior
information on T}, is ignored, justifies our decision to use only data from cases in which at least two
household members were sampled.

As before, we fit the model separately for households with two adults and for households with three
or more adults. Assuming independence across households, the likelihood function of a and b in each

case take the respective forms:
Ly(a,b) = Il Lw(eb) and Lsi(ab)= IT L) (15)
{hInn=2,5n>1} {h|np>2,s,>1}
Therefore, for a given set of values of Ay, itis fairly straightforward to use numerical techniques to perform

the linearly constrained optimization necessary to generate estimates of the parameters (a, b).

5.1 Results

We fit the model described above to the SCPC data for four groups of payment instruments: checks,
cash, electronic payments, and card payments. The electronic payments category includes online bank-
ing and bank account number payments, while card payments combines credit, debit, and prepaid card
payments. Rather than treating the draws of A7, from each iteration of the MCMC together, we order the

posterior draws for each household according to the distances from the posterior means, thus arranging
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the posterior draws according to their likelihood. For individual i, we let A¢, be the estimated posterior
mean determined by averaging the 200 posterior draws. Then, for each household, we order the posterior
Malk] =A%) < 20

household draws according to ordering rank, so that A\°[k] = {;\?“- [k]} is the set of posterior draws that are

draws, A2[1],...,A?[200] such that k < k" implies that 37", A [K'] — X9.|. We group

k'™ closest to the posterior means. This provides a meaningful differentiation between the 200 constructed
samples. For both classes of households, those with two adult members and those with three or more,
we estimate the parameters (a, b) in (15) based on each of the 200 ordered samples as well as on the set of
posterior means \°.

One measure of the relationship between the FRQ and the share of payments made is the expected
proportion of variance in v;; explained by Ay;:

1 E[Var[y; | )‘hiH.

VE =
Var|[7yp]

(16)

Akin in spirit to R-squared estimates, VE € [0, 1], with higher values indicating a stronger relationship
between Ap; and 74;. On one end of the extreme, if knowledge of \;; predicts 73, with absolute certainty,
then Var[yn; | Ani| = 0, resulting in VE = 1. On the other end, if A\;; does not relate to v, at all, then
Var[yp; | Ani] = Var[yp;] and VE = 0.

The value of VE depends on a, b as well as the distribution of \p;, which itself depends on 7., and
ny. The exact representation of VE is provided in Appendix B. Figure 9 shows the explained variance
for households with two, three, and four adult members using the posterior means of 7., and the 200
ordered, posterior draws of A\°[k]. Figure 9 reveals that the link between the share of payments and the
FRQ gets stronger as the posterior estimates get closer to the posterior means. This fact can be interpreted
as validating that this is a sensible methodology for estimating 7. from Fy..

There is a marked difference in the strength of the relationship between \j; and ~;; in two-adult
households and this relationship in households with three or four adults. Two-adult households show
a weaker relationship for all four payment instruments. This finding may be partly due to the higher
concentration of \y; around nih (71 = 1.66 vs. 72 = 0.66) and the fact that a more equal distribution
of responsibility makes it more difficult to distinguish between differences in responsibility and noise.
This phenomenon could be attributed to the fact that in larger households, a clear delegation of tasks is
more important to efficient household management. In two-adult partnerships, easier intra-household

communication and more fluid dynamics may make it easier to share tasks.
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Figure 9: Estimated Proportion of Variance in Fj; Explained by Knowing Ap; for Each of the Four Payment Instru-
ment Groups

Note: The * represent calculations using posterior means of the A7, Ahi-

In general, the results show that the household FRQ is most closely related to the share of payments
in the case of checks and electronic payments. The model in (11) and (12) can also be fit with the param-
eter a = 0, corresponding to the case where \;,; does not help predict v5;. As the models are nested, a
likelihood ratio test with one degree of freedom measures the improved quality of fit when considering
the FRQ. For households of size n = 2 and n = 3, all p-values comparing the full and restricted model
are found to be less than 0.01, except for cash payments, for which p-values are 0.21 and 0.11 respec-
tively. Indeed, for cash, the proportion of variance explained does not rise above 0.05. For checks and
electronic payments, the proportion of variance explained for the best fits range from 0.12 to 0.18 for two-
adult households to 0.40 to 0.65 for larger households. Even for credit cards, the proportion of variance
explained gets as high as around 0.35 for larger households.

A simple explanation for these findings is that check and electronic payments are most commonly
used for bills and large-ticket items, which are more likely to be household purchases like appliances, cars,
or household services. It seems natural for these types of payments to be made by household members

with higher levels of responsibility and who are more involved in household decisionmaking. Cash, on
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the other hand, is associated with daily, small-value purchases, which are less related to household needs
and more to the immediate needs of individual household members. As a result, having greater financial
responsibility within a household does not necessarily translate to the same individual making more cash
purchases. Somewhat intuitively, the frequency of using credit and debit cards falls somewhere between

the use of cash, check and electronic payments.

6 Effect of Selection Bias on Population Estimates

If not appropriately accounted for, a sampling methodology that favors respondents with certain behav-
ioral tendencies is likely to produce biased population estimates. In this section, we assess how popula-
tion mean estimates for the number of monthly payments made by U.S. consumers is affected by likely
selection bias. This is done by comparing an estimate based on the observed SCPC data to estimates
based on simulated samples that preserve, in expectation, certain distributional aspects of the popula-
tion’s FRQs.

The estimate of the mean number of monthly payments among U.S. consumers is generated via post-
stratification, with the strata means estimated by sample averages for respondents in each stratum. There-
fore, if the population is divided into s = 1, ..., .S disjoint strata, with w; representing the proportion of
U.S. adult consumers belonging to stratum s, then the estimate based on a sample, {Y},;}, takes the form

S0 ni Yhil [individual i in household h is in stratum s

i = s . .. . .. 17
# —~ v >_n; 1[individual i in household h is in stratum s] 17

The choice of demographic variables on which to stratify is important. A skew in sample FRQs could
be a result of a skew in a demographic variable that can be easily adjusted for via poststratification, thus
negating the effect of the selection bias on appropriately weighted estimates. To do so, candidate vari-
ables must vary sufficiently within households and have a nontrivial disparity between the sample and
population distribution. In the case of the 2012 SCPC, in which 58 percent of respondents are female, gen-
der stands out as an important stratification variable. In addition, we consider household size, household
income, and age to generate two possible stratifications: one with 75 strata and one with 31 strata. The
strata are constructed to ensure that the minimum number of SCPC respondents in each stratum is 10.
Again, to maximize comparability to common sampling procedures, the estimator based on the SCPC,
fuo, is limited to the set of first-recruits, {Y¥},}. Simulated samples are conditioned on m,,, the number

of respondents from households of size n, so that the observed differences reflect differences in who is
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selected from within households as opposed to which types of households are selected. To generate these
samples, we proceed as follows. For each household size n, we partition the interval [0, 1] into disjoint
intervals {b,;}; so that the number of individuals in the SCPC sample with estimated posterior mean
FRQ in each interval is at least 75. Households of size n = 1 represent a trivial case as \,; = 1 for all

individuals. Table 3 shows the chosen partitions for households of size n = 2, 3, and 4.

HHSize b,; | j=1 j=2 7=3 j=4
Pnj

2 Adults [0,0.25) [0.25,0.5) [0.5,0.75) [0.75,1]
0.18 0.32 0.32 0.18

3 Adults [0,0.2) [0.2,05) [0.51]
0.41 0.31 0.28

4 Adults [0,02) [0.2,04) [04,1]
0.53 0.23 0.24

Table 3: Population Proportions of FRQs in Different Intervals by Household Size

We use posterior estimates of 7. to determine p,; = Prob(\; € by; | ny, = n), the probability of a ran-
domly selected individual from households of size n having a FRQ in the interval b,,;. These probabilities
are also shown in Table 3. Given the vector of probabilities, p, = [py,;], a simple random sample of m,,
individuals from households of size n will result in e,,; respondents with a FRQ in b,,;. Then, e,, = [en;]

has a distribution of
en ~ Multinomial(m,, py).

For each sample, we first draw e,, for each n and then, for each j, bootstrap e,; individuals from the
relevant subset of the full 2012 SCPC sample. Households of size n > 5 are bootstrapped without con-
sideration of the FRQ. However, because only 3 percent of consumers belong to such households, this
strategy will have virtually no effect on the population estimates. For the k" bootstrapped sample, we
use (17) to generate the population estimate, /ij. A useful way of comparing the SCPC-based estimate,

flo, to the bootstrapped estimates is through the percent deviation:

U, = 100 x He_HO

7 *

k

Histograms of the ¥ are shown in Figure 10 for both stratifications. Overall, the direction and mag-
nitude of the relative errors are consistent with the findings presented in Section 5. As expected, the

simulated estimates, which do not oversample high FRQs, are generally lower than those based on the
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observed sample for all payment instruments except cash. Electronic payment shows the most evidence

of overestimation, with estimated deviations close to 12 percent. Checks and card payments show er-

rors of about 8 and 7 percent respectively, though the range of estimated errors extends to larger values

for checks. At least in the case of checks, the selection bias might partly explain a notable discrepancy

between the SCPC’s estimate of 6.0 and the Federal Reserve Payment Study estimate of 4.2. For cash,

the estimated percent deviations average to about 1 percent, suggesting that the selection bias observed

in the 2012 SCPC sample does not affect estimates. Naturally, the bias’s effect on narrow categories of

payments more closely related to household payments, such as bills or grocery shopping, is likely to be

more dramatic.
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Figure 10: Estimated Percent Deviation for Each of the Four Payment Instrument Groups under two Different Post-

stratifications

The use of the bootstrap means we avoid the complicated task of modeling conditional distributions

of Yy, A\n; alongside demographic variables, though with a potential loss of accuracy. A more precise
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estimate for the size of the selection effect could also be gained by resampling with respect to a household
responsibility measure that more closely correlates to the reported number of payments. In the context of
our data, one such option is a measure that assigns nonuniform weights to the four financial responsibility
questions. However, as detailed in Appendix C, we find little gain in the ability to predict the share of
household payments made when using nonuniform weights.

The fact that poststratification of the original SCPC sample on gender does not eliminate the dis-
crepancy due to selection deficiencies broadly suggests that gender is not a strong determinant of an
individual’s FRQ. However, this does not mean that gender, especially when considered alongside other
demographic variables, is completely unrelated to household financial responsibility. In particular, re-

sponse distributions could differ across the four financial responsibility questions.

7 Discussion

While this paper focuses on the survey methodological implications of any selection bias, there are sev-
eral interesting findings that relate to the cognitive process involved in survey responses and to household
dynamics. First, our data suggest that individuals in our sample consistently overestimate their contribu-
tions to household financial decisions, as might be predicted by the well-studied “overconfidence effect”
(Svenson 1981). The modeling also found that two-adult households tend to divide responsibilities more
evenly than larger households and to provide responses about household responsibility that are more
internally consistent. As expected, an adult’s level of financial responsibility in a household generally
relates to the share of payments he or she makes, although with varying degrees for different payment
instruments. Checks, electronic payments, and card payments show a stronger relationship with FRQ
than cash, a result that is consistent with the notion that the first three payment types are more likely to
be used for less frequently made purchases made by the heads of household.

In our view, the most meaningful contribution of this work is the recognition of a potential selection
bias that is generally ignored, at least in the field of consumer surveys. As discussed in Section 2, the
degree to which the observed selection bias extends to other samples is difficult to determine, and the
need to address the issue depends on how closely the variable of interest relates to the survey respondent’s
household role. Overall, we believe researchers who rely on surveys should be generally aware of intra-
household variability in behavior and the possibility of introducing bias by over- or under-sampling

individuals with certain types of roles.
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The methodology used in this paper to identify and estimate the effect of the selection bias involves
two stages of modeling and relies on a unique data structure in which a nontrivial fraction of households
feature several respondents. As such, it is impractical to implement in most surveys. Improving the
process depends on simultaneously devising survey variables that provide better insight into household
roles and better understanding of how those variables relate to behavior. Different measures of interest
are likely to require different survey questions.

A second consideration for researchers studying variables that are known to relate to a respondent’s
household role is to move away from individual-based questions and toward household-based ones. In-
terviewing the head of the household to determine economic variables for the entire household is an
approach already used by the Consumer Expenditure Survey or the Survey of Consumer Finance. Esti-
mates based on household data can be easily converted to those on a per-consumer basis as long as the
average number of consumers per household is known. Of course, the quality of such estimates depends
on the accuracy of the reported household data. While it seems reasonable for the head of a household to
be able to generate estimates for the number of bills paid, it seems harder to tally every member’s cash
expenditures. Further research might reveal that question scope should depend on the particular variable

and how closely it relates to household role.
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A Appendix A

The model in (1) can be derived as an approximation to a model in which some demographic-based
information can be used to order household members according to the expected financial responsibility
factor. In other words, given information, such as age of the members or incomes, the distributions are no
longer exchangeable. For example, middle-aged individuals with higher personal income levels might be
expected to hold higher values of \;; than other individuals in the household.

Specifically, consider households defined by n;, = n. One can assume that, based on some household
member information, a rank of the members for each of these households can be established according
to the expected level of financial responsibility. Thus, we let A\, = { A - - -5 Arjn)n)} Tepresent a
permutation of A, where E[\,151] > E[A,pi1] for all @ < i’. The ordering of household members within
each household does not necessarily correspond to ranking of the true values, but rather a ranking of the

expected values based on the provided information. We consider
/\r[h} ~ Dirichlet(ay, ag, ..., an),
so that o; = ap; and

n
p1=p2>...>p, and > pi=1.
=1
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Therefore, E[\,4);;)]] = pi, and the variance of the FRQs is determined by the scalar a. Now, we consider

Ani to be randomly selected from )\T[h]. The moment-generating function for A, then takes the form
1 n
ElexptAp] = - Z E [exp tAr[h][j]] ,
j=1
since each member is likely to be chosen with probability % Now, given the assumption of the Dirichlet

distribution, it is known that A.;j; is itself a Beta distribution with parameters a; and Yopg ap — oy =

a — a;. The moment-generating function for A, ;] is known as

= a; +r\ tF
E[expt)\[ = 1—|—Z<U (;_'_T)k!.

Therefore,

, k
E[exptAn] = 1+ZZ (H?::>t}z'

kl]l r=0

_ 1+§:th3 LTIz (g +7)
[ o(a+r)

This last form closely resembles the known form of the moment-generating function of a Beta distribu-
tion, and in fact the first moment, corresponding to k = 1, will be identical (). As a; converges to 2,
the form of the moment-generating function and thus the distribution of \;; converges to that of a Beta
distribution with parameters 7 and w If A\p; comes from a Beta distribution, this implies that the ran-
dom permutation of A, is a Dirichlet distribution with concentration parameter 7 for all elements. The
degree to which the two distributions resemble each other depends, as stated, on the relationship of «;.
So, the more p; are similar to one another (the closer o are to one another), the more the two distributions
will resemble one another. Similarity of p; depends on the extent to which known demographic variables

predict expected FRQs.

B Appendix B

The form for VE in (16) depends on the first two moments of \p; through the form:

k1 Var[Ap;]
mVar[)\hi] + K/Q(E[)\hi]Q + Var[)\hi]) + /igE[/\hi] + H4’

VE(a,b,7,) =
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where

CL2 *CLQ

= d =
U G MY T G )2 (a+ bp + 1)
ab+ (np, — 1)b2

a® + abny, — 2ab
(a+ bnp)%(a+ bnp + 1) (a+bnp)?(a+bnp+1)

and k4 =

R3 =

The assumption that \j, ~ Dirichlet(ny, 7, ), implies

1 1
BPva = - and - Varww] = 72 (e + 1)
h

C Appendix C

Our paper estimates an individual’s FRQ by studying unweighted sums of the scores for the financial
responsibility questions, Fj,;, with the assumption that this observable statistic is correlated with the FRQ.
This assertion was strong enough to argue that the data sample favored household members with higher
shares of responsibility. However, when trying to adjust sample-based estimates, perhaps this is subop-
timal; in other words, it is entirely possible that a weighted sum of the scores more closely corresponds
to the actual share (and thus number) of monthly payments. Forming a better understanding of this
relationship will naturally lead to better adjustments.

To this end, we compared the predictive ability of the estimated \; through the model in (10) to
one in which the prediction is based on linear combinations of the raw financial responsibility scores,

OzTVhi = a1 Fpi1 + aoFpio + agFyiz + agFha + ay. We define

ViE = [Fnin Frio Friz Fhia 1]

ol = [ a0 a3 az ay].

Then, for a given set of parameters, «, the likelihood of observed shares for a given payment instrument
is:

; _ DSy o Vi) T3 T (Yhi + o7 Vi)

L . 1
O RS TV + T T T T 1
Again, we separate the households with two adults and those with three or more adults and define:
Lo(a)=  J] Tale) and Lgi(a)= J][  Lala). (19)

{h|np=2,sp,>1} {h|np>2,sp>1}
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We estimate maximum likelihood estimates for o, &, and compare maximum log-likelihoods with those

in the models based on the FRQs, given in (15):

Ay = logLy() —logLa(a,b)

Azy = logLsy (&) —logLsy (a,b).

The estimated values of o and likelihood differences between the two models are shown in Table 4.

dl 642 643 644 AQ
Check 0.14 | 0.07 | 0.00 | 0.96 || -2.2

Cash 0.00 | 0.00 | 0.00 | 1.04 || 0.8
Electronic Payments || 0.12 | 0.01 | 0.03 | 0.55 || -1.5
Card Payments 0.03 | 0.05|0.03 | 0.84 | -0.3

a1 | Qo | a3 | Gg || Asg
Check 0.04 | 0.13 | 0.07 | 0.14 || -1.5

Cash 0.05|0.04 | 0.00 | 1.04 || 0.8
Electronic Payments || 0.31 | 0.08 | 0.11 | 0.30 || 0.6
Card Payments 0.08 | 0.17 | 0.09 | 0.40 || -6.0

Table 4: Optimal Weights and Log-Likelihood Differences Between Models Based on Estimated FRQs and Models
Based on Financial Responsibility Questions for Two-Adult Households and Larger Households

The numbers in Table 4 suggest that the difference in the fit, as measured by the log-likelihoods,
is minimal across the two models, with the lone exception being credit card payments among larger
households. In this particular case, it seems that placing more weight on reported household shopping
scores improves the model’s predictive ability. Otherwise, the optimal weightings have little pattern and
are difficult to explain, though this is likely due to the strong correlation between responses to the financial
responsibility questions and relatively low sample sizes. Overall, it seems that the FRQ, as calculated,

does an adequate job of estimating the effect of the selection bias.
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