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l. Introduction

Public policy has been increasingly engaged in animal welfare-related issues. Since 1990, 58
ballot initiatives and referendums have been reported in the United States'. The majority of the
ballot initiatives and referendum focused on wild animals: (1) restricting the use of traps and bait
targeting of wild animals; and, (2) limiting hunting and recreational use of animals such as
cockfighting and greyhound racing. Recently, this has extended to farm animal welfare. The
2016 Massachusetts referendum on banning gestation crates, veal crates, and hen confinements
received 78% approval from voters. The 2018 California referendum, an expansion of its 2008
referendum outcome, passed with a 63% approval rate, initiating increases in minimum space
requirement for veal, pork, and eggs.

Unlike the referendums aimed at protecting wildlife and restricting recreational use of animals,
farm animal welfare referendums will increase production costs and consequentially increase the
prices of common consumer products, which can result in both private and producer welfare loss
(Saitone, Sexton and Sumner 2015). Thus, understanding how much consumers value the animal
welfare attribute has significant policy implications. Importantly, animal welfare related questions
are sensitive questions in the sense that they can trigger social desirability biases as a result of the
desire by respondents to conform to social norms. This aspect has been overlooked in the
literature. Of the studies reviewed by Clark et al. (2017) on the evidence for the consumer
willingness-to-pay for animal welfare attributes, no research considered the possibility that the
willingness-to-pay estimates were potentially affected by socially desirable behaviors.

Social Desirability Bias (SDB) refers to survey respondents' tendency to conform to social norms
when they know their responses are being observed or will be evaluated by experimenters (King
and Bruner 2000). The lack of focus on this issue in animal welfare valuation studies is likely due
to the lack of methodology to handle such bias. So far, the Inferred Valuation Method (IVM) that
asks respondents to predict what an "average consumer"” or "others" would choose instead of
expressing own preferences is the most popular method used (Fisher 1993; Lusk and Norwood
2009b; Lusk and Norwood 2009a; Lusk and Norwood 2010). However, Carlsson et al. (2010)
found evidence to suggest that the willingness-to-donate elicited through the IVM approach may
be significantly understated. The psychology literature offers a plausible explanation for this:
people tend to overestimate the degree of generosity for themselves while underestimating the
generosity of others (Perloff and Fetzer 1986; Alicke et al. 1995).

The purpose of this study is to: (1) estimate the level of public support for increased government
actions for improving farm animal welfare; (2) compare the results between the LE and the direct
solicitation in order to examine the extent to which the direct method overestimates the public
support, and (3) investigate which consumer segments are more likely to support or advocate for
animal welfare improvements.

Specticalythefolewing—FAW related questions are addressed, do people:

1 Available at https://www.humanesociety.org/sites/default/files/docs/ballot-initiatives-chart.pdf
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i support dairy cow access to pasture?

ii. support the use of referendums to improve farm animal welfare?

iii. think it is important to build a social consensus on farm animal welfare issues?

iv. support government programs funded by tax revenues or subsidies aimed at improving
farm animal welfare?

Although SDB is relatively new in consumer studies, political scientists and psychologists have
been it for decades. Drawing from the political science and psychology literature, we conducted
a List Experiment (LE) to elicit consumers' perception of improving farm animal welfare. List
Experiment, also known as the Item Count Technique, is a widely-used method to indirectly obtain
public opinions on sensitive questions (Corstange 2009; Imai 2011; Blair and Imai 2012; Glynn
2013). Inan LE, the participant responds to a sensitive question with noise, which effectively keeps
this response unknown to the researcher. Yet, by a control-treatment design, the researcher can
identify the overall distribution of the response.

An LE, along with the randomized response (Blair, Imai and Zhou 2015) and endorsement
experiments (Bullock, Imai and Shapiro 2011) are the most widely used method that elicit
respondents’ opinions on sensitive questions. All the above methods take the same approach i.e.
by indirectly asking respondents’ opinion, the actual response becomes private information of
respondents (and thus latent). At the same time, the researchers can still identify the distribution
of the latent response, and thus recover the parameters of interest. The effectiveness of the LE, as
well as all the other indirect methods are based on the hypothesis that when a respondent’s response
is hidden (such as in the case of LE), or is disassociated from social judgment (such as in the case
of IVM) truthful answers are encouraged.

The underlying mechanism that indirect methods reduce SDB still requie more studies, there is an
abundant empirical study that demonstrated the LE is effective. For instance, Streb et al (2008)
found evidence to suggest the exceptionally high proportion of public support for a female
president in the U.S. polling is likely inflated by the SDB. Redlawsk, Tolbert and Franko (2010)
applied the LE and found support for Barack Obama as the first black president in the U.S. reported
in opinion polls was inflated. This potentially explains why Obama’s winning margin was much
smaller than expected. Holbrook and Krosnick (2010) used an LE approach in a national telephone
survey and eight national Internet surveys of American adults. They found that relative to direct
self-reports LE significantly reduced voter turnout rate in the national telephone survey, while did
not significantly reduce turnout rate in Internet surveys. They attributed this to the fact that
telephone survey involves direct interactions between participants and surveyors, while the
internet surveys are self-administrated. The finding supports the claim that LE can beeffective in
reducing SDB.

The rest of the study is organized as follows. In section two, we introduce the experiment design
of the LE. We then present the estimation method that allows control for population demographics
in section three. In section four, we summarize the results, and we conclude in section five.

. The List Experiment Design and Estimation Strategy



1. The List Experiment Design

We first provide an example of the LE as follows. The example is also a scenario we used in our
experiment. First, participants are randomly assigned to either a treatment or control group. Those
in the control group were asked to respond to non-sensitive statements only. Here is an example
for control group respondents:

For the following questions, you will be given a list of 4 statements for each question. Indicate
HOW MANY of them you would agree. (No need to specify which one(s) you agree with.)

(1) I rarely pay attention to food calories.

(2) 1 don't think 1% reduced-fat milk is very different from 2% reduced-fat milk.
(3) I purchased plant milk (such as soy, almond, etc.) in the past six months.

(4) 1 usually go to the same store for grocery.

Those in the treatment group are presented with a sensitive statement in addition to the above
non-sensitive statements; for example:

(5) I support the use of referendums to improve farm animal welfare.

Unlike in the conventional surveys, respondents are required to specify agreeing or disagreeing
regarding statements, respondents in the LE are only required to signal how many of the statements
they would agree with. In this way, the response to each statement is private information. We
developed different non-sensitive lists to match with each of the sensitive questions of interest.
Although exact responses are latent, the mean probability of affirmative response to statement (5)
is given as the difference between the expected affirmative count for the treatment group and that
for the control group. Moreover, one can estimate the effect of demographic characteristics on this
probability via Maximum Likelihood (ML).

2. Estimation Strategy

In this subsection, we present the estimation strategy with ML. Respondents’ control and treatment
status is denoted by T; = {0,1}, where T; = 0 if respondent i is assigned to the control group and
T; = 1 if assigned to the treatment group. Let S denote the total number of non-sensitive
statements in a list, which in our design S = 4 for all lists. Respondents assigned to the control
group will receive S non-sensitive statements only, while respondents assigned to the treatment
group will receive S + 1 statements, namely S non-sensitive statements plus one sensitive
statement. Note that we will always refer to the sensitive statement as the S + 1 item. Respondents
assigned to both treatment and control group will receive in total L lists, each corresponding to one
of the questions of interest, namely a) do you support dairy cows be provided with access to pasture;
b) do you support the use of referendums to improve farm animal welfare; ¢) do you think it is
important to build a social consensus on farm animal welfare issues; d) do you support government
programs funded by tax revenues or subsidies aimed at improving farm animal welfare.



By design, respondents’ actual opinion on the statements are latent, and we use Z;; ;(T) to denote
respondent i’s latent binary response to list [ statement s with treatment status T. For example,
Z;75(0) = 1 means respondent i’s response to the last non-sensitive statement (since s=S denotes
the last non-sensitive statement) of list 2 (I1=2) is affirmative. Note that respondents assigned to the
control list does not receive the sensitive statement, and thus Z;; .1 (0) is not defined. Instead of
conveying the opinion for each statements, respondents express on the total affirmative statement
counts, which we define as (1) ¥;;(0) = Y3_, Z;; 5(0) if respondent i is assigned to the control
group, and (2) Y;;(1) = X321 Z;; <(1) if assigned to the treatment group. In other words, Y;;(0) =
{0,...,S} is the affirmative statement count for control group respondents, and Y;;(1) =
{0,...,S + 1} is the affirmative statement count for treatment group respondents.

To identify the probability for respondents to answer affirmative regarding the sensitive
question, we need to make the following assumptions (Imai 2011; Blair and Imai 2012):

Assumption 1. (Exogenous of Treatment) {{Z;; s(T)}5—1, {Zis+1(1)} L T; forall i and L.
Assumption 2. (No Design Effect) Y.5_; Z;; s(0) = Y3-1 Z;; s(1) forall i and [.
Assumption 3. (No Liar) Z;; s4+1(1) is the “true” latent response for all i and [.

Assumption 1 requires that responses are exogenous of treatment or control group status, which is
ensured by random assignment. Assumption 2 requires that the presence of the sensitive statements
has no effect on respondents’ latent response to the sensitive statements. To ensure Assumption 2
is satisfied, we used statements regarding respondents’ predetermined purchasing habits as the
non-sensitive statements. Assumption 3 requires that respondents give truthful responses to
sensitive statements, which is what the LE tries to encourage by hiding the responses to sensitive
statements as private information.

3. The Maximum Likelihood Estimator

To derive the ML estimator, we need to consider the four scenarios that contribute to the
likelihood function:

1) 1fY;(1) =0,thenY;(0) =0and Z;541(1) =0

2) IfY;(1)=S+1,thenY;(0) =Sand Z; 541 (1) =1

3) 1fY;(0) =y, thenY;(0) =yand Z;4,(1) = 0,0r¥;(0) =y and Z;; 5,1 (1) = 1

4) IfY;(1)=y,and0 <y <S+1,thenY;(0) =yand Z;; 5,,(1) = 0,0rY;(0) =y —1
and Z;;544(1) =1

The first two scenarios represent the cases where we observe the affirmative statement count is at
the floor or ceiling, i.e., 0 or S + 1 for people assigned to the treatment group. Note that in such
cases, responses to the sensitive statement can be directly inferred with probability 1. For such
reason, the first two scenarios should be avoided. Scenario 3) states that for respondents assigned
to the control group, their response to the sensitive statement had they been assigned to the
treatment group is either 0 or 1. Lastly, scenario 4) states that for respondents assigned to the
treatment group with affirmative statement count y, either the non-sensitive statements count is
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y — 1 and responses to the sensitive statement is affirmative or all of the y counts are contributed
by the affirmative non-sensitive statements.

Let hy (y; 2) = Pr(Y;(0) = y|Zi,5+1(1) = z) denote the probability density of the non-sensitive
statement affirmative count conditional on the latent response, and g(x;) = Pr(Zy,s+1(1) = 1|x;)
denotes the probability that respondent i’s latent response to the sensitive item is affirmative,

where x; is a set of demographic variables of respondent i. The likelihood function is thus defined
as:

~

c=]c [] m@o-ge)x

1=1 i€{i:T;=1Y;;=0}
hi (S5 1) g(x;) X

ie{i:T;=1Y;;=S+1}

S
[T ] rao-150960+h0i0(-g6w)x

y=1 iE{i:Ti=1,~Yil=y}

S
[T ] 1o Dge+rGi0( - gl &

y=0 i€{i:T;=0,Y;;=y}

The first two terms, h;; (0; 0)(1 — g(xi)) and h;;(S; 1)g(x;) correspond to scenarios 1) and 2),
respectively. The third term, h;(y — 1; 1)g(x)) + hy(y;0)(1 — g(x,)), correspond to scenario
4), and the fourth term, hy(y;1)g(x;) + hy(y;0)(1—g(x;)), evaluates the likelihood
contributed by respondents in scenario 3).

The final piece of the ML estimator is to incorporate respondents’ demographics as control. We
thus make two necessary distribution assumptions. Formally, we assume that the non-sensitive
counts follow Binomial distribution conditional on demographics:

YulZus+1(1) = 2,D; = D ~ B(S, (2)

1+ exp(DR,)’
where x; is a vector of respondent i’s personal characteristics and u, is a vector of personal
characteristics coefficients, and the probability of affirmative non-sensitive statement response
occurs at the probability of logit=*(Du,). Note that we allow the coefficients of the personal
characteristic to be unrestricted with respect to the latent sensitive statement response, i.e.
Zyss1(1) =00r Z;s41(1) = 1. In other words, h;;(y,0) and h;;(y, 1) are different Binomial
density functions, due to differences in the coefficients of the personal characteristic. This
parameter setting is relevant since consumers' preferences for products, which generates the
response to the CE statement, could be correlated with shopping habits.

We also assume that the latent response to the sensitive statements. We assume that the distribution
of binomial latent response to the sensitive statements follows Binomial distribution:
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In practice, the likelihood function of equation (1) could be challenging to optimize since an
algorithm would need to determine the parameter for both h; (y; z) and g(x;; B;) simultaneously.
Imai (2011) proposed to optimize equation (5) by considering Z; s,1(1) as missing data for
respondents in the control group and use Expectation-Maximization (EM) algorithm (Dempster,
Laird and Rubin 1977). If we had the complete data for all respondents, the likelihood function
would be

1 L
L= 1—[ l—l{g(xi)hil (Y — 1,1)Tihil(yil, 1)1_Ti}zil,s+1(1) X
i=1 1=1

{[1 — g(x)]1hy (Yy, 0)3~Zits+a (D) (4)

The first part in equation (4), {g(x;)h;(Yy; — 1,1)Tih;(Y;, 1)1 Ti}2us+(D js the likelihood
contributed by respondents who are affirmative for the sensitive statement, while the latter part

of the term {[1 — g(x;)]h;; (Y;;, 0)}1~Zies+1(D s contributed by respondents who would choose
negative for the sensitive statement. Then, the E-step of the EM algorithm would evaluate the
conditional probability?

w; = E(Zyss1|Ya =y, T = t)

hy(y —t, D) g(x;)

= Gy — & Dg () + hu0r O — 9G] ©)
Then the M-step of the EM algorithm maximizes the weighted log-likelihood function
I L
log £ = ) > {willog g (x)) + Ti log hy (Yy = 1,1) + (1 = Ty) log hyy (Y, D] X
i=1 1=1
(1 —wyllog(1 — g (x;)) + log hy (Y, 0)] (6)

The advantage of the EM algorithm over maximizing Equation (1) directly is that log g (x;),
log h;; (v, 1) and log h;; (v, 0) can be maximized independently with associated weights. Note
that each term is separately additive in equation (6), rather than multiplicative in equation (1).

Il. Results

We gathered the data from an in-person opt-in survey in a popular statewide event. Participants
were randomly assigned to receive topics regarding pasture access, social consensus, referendum,
or subsidy. Each participant will be asked about two animal welfare-related questions, either
pasture access and social consensus, or referendum and subsidy, directly or as lists. Participants
were randomly assigned to receive questions in a conventional direct format or a LE format. Since

2 See Imai (2011) Equation (8) for details.



the LE requires information from the control group, the respondents received a conventional
format will serve as the control group for the LE.

Table 1 summarizes the demographics of the respondents. The majority of the respondents are
Caucasian females, aged 55 or over, and have at least some level of college education. We grouped
the income into low income (i.e., household income lower than $50,000), median income (i.e.,
household income higher than or equal to 50,000 and lower than 100,000), and high income (i.e.,
higher than or equal to 100,000). Although the sample may not be nationally or statewide
representative, the purpose of this study is to demonstrate that the conventional method tends to
overestimate consumers’ enthusiasm regarding animal welfare.

Table 2 summarizes the probability of signaling support to animal welfare in a conventional format
and in the LE format. The results indicate that conventional format systematically overestimates
public support concerning animal welfare improvements. When asked directly, 95.7% of
respondents supported farm animal should be provided with pasture access, 74.8% of the
respondents support to build a social consensus on farm animal welfare related issues, 69.3% of
the respondents support using government subsidy to improve animal welfare, and 73.5% of the
respondents support using referendum to enforce farm animal welfare standard. However, when
asked using the LE, noticeably fewer respondents signals support for animal welfare for all the
four topics. The most prominent discrepancy occurs regarding the use of referendum; the
conventional survey method estimated a 16.4 percentage point higher support.

We further add demographics as controls to capture the potential correlation between support for
animal welfare and respondent demographics. Table 3 to 6 summarizes the effects of
demographics on the four animal welfare-related topics. The comparison group for gender, age,
race and ethnicity, education level, and family income level are females, people aged lower than
38, Caucasian, Lower than an undergraduate degree, and high income, respectively. The results
from the conventional method demonstrate that the effect of demographics is virtually uncorrelated
with support for animal welfare.

However, the LE tells a different story. From Table 3, elder age groups are generally less likely to
support animal welfare. Compared to the age group lower than 38, the coefficients for the age
group 38-54 and 55 and over are consistently negative for all four topics. Also, the coefficients are
largely significant for supporting pasture access, building social consensus, or government subsidy
at 5% level of significance, except for the case that age Group 55 or higher is insignificantly
different from the comparison group. In addition, higher education tends to support farm animal
pasture access and building social consensus. Table 3 and 4 indicates that people with an
undergraduate degree or higher have a statistically significantly higher rate of supporting pasture
assess and building social consensus. Finally, the result from LE indicates that when it comes to
using a referendum to mandate a regulatory standard, the effects of demographics is insignificant,
and the overall rate of support indicated by the LE is 57.1%, which is lowest among the four topics
we surveyed.

It is worth noticing that although the LE approach may trade-off a truthful answer at the cost of
efficiency, the efficiency loss may be offset by the LE design. As the results using the conventional



method indicate, the coefficients for demographics appear to be irrelevant to the level of support
for animal welfare. However, the results from the LE indicate that there is a general tendency that
certain population subgroups are more likely to support farm animal welfare. individual with
higher education population tend to support farm animal access to pasture and the role social
consensus in farm animal welfare issues. Younger population tends to support pasture access,
building social consensus, as well as using government subsidies to improve farm animal welfare.

V. Discussion and Conclusion

Although due to the sample size limitation and onsite opt-in nature of our experiment, the sample
may not be nationally representative, we demonstrated that the conventional method of surveys
might overstate the public enthusiasm to support farm animal welfare. The finding using the LE
indicates a consistently lower level of farm animal support across all four topics we investigated.
Several empirical studies using the market data have documented that although people tend to
signal high willingness to pay for animal welfare in experiments, there tend to be a gap between
revealed and stated behavior (Chang, Lusk and Norwood 2009; Andersen 2011). Our findings
suggest that this disparity may be partly due to social desirability bias. As evidenced and the fact
by the lower levels of support for farm animal welfare in the LE as compared to the conventional
approach.

In theory, the list experiment introduces noises to protect respondents’ identity at the cost of
decreasing efficiencies in the elicitation proceess. However, the cost of efficiency loss may be
offset by encouraging people to answer truthfully, which in return reduces the noise (in outcomes).
The LE in this study suggests that there is a general tendency that certain population groups are
more likely to support farm animal welfare, such as the younger population or people with higher
education. However, the results from the conventional method in this study suggests that
demographics are irrelevant to support for farm animal welfare.

Finally, in terms of policy implications, our results indicate that public enthusiasm for the farm
animal welfare issues examined in this study are significantly lower than perceived. It is therefore
important that policy makers evaluate public participatory mechanisms such as the use of
referendum. Propositions like mandating farm animal welfare standards can be widely popular and
could easily pass a referendum if put on the ballot. However, it is plausible that this level of public
support may not be matched by private purchase behavior leading to unfunded mandates. The
appropriate levels of safeguards in the use referendums pertaining to socially sensitive issues such
as FAW will be a useful extension of the present work.
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Table 1. Summary Statistics of the Respondents

Gender Frequency Proportion
Female 673 64.80%
Male 365 35.20%
Age
18-37 362 34.90%
38-54 275 26.50%
55+ 401 38.60%
Race/Ethnicity
Caucasian 872 84.00%
Minority 166 16.00%
Education
High school or less 139 13.40%
Master's or higher degree 315 30.30%
Some level of college 267 25.70%
Undergraduate degree 317 30.50%
Income
Low (< 50,000) 251 24.20%
Median (50,000 <; < 100,000) 576 55.50%
High (100,000 <) 211 20.30%

Table 2. Estimated Public Support for Animal Welfare Topics by Direct Solicitation and List

Experiment
Mean SE
Pasture 95.7% 0.019
Direct
Access
List Experiment 82.4% 0.099
C Direct 74.8% 0.041
onsensus
List Experiment 66.3% 0.100
Direct 69.3% 0.043
Subsidy .
List Experiment 62.4% 0.103
Ref d Direct 73.5% 0.042
eferendum
List Experiment 57.1% 0.105
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Table 3. Conventional and LE Estimation of Demographics Effects, Pasture Access

Conventional LE
Std. z
Estimate Error value Pr(>|z]) Estimate  Std. Error  zvalue Pr(>|z|)

Intercept 1.238 2.165 0.572 0.567 -0.876 1.338 -0.654 0.256
Male 0.534 1.189 0.449 0.654 -0.047 0.910 -0.052 0.479
Age Group 38-54 19.440 2675.077 0.007 0.994 -2.685 1.121 -2.396 0.008
Age Group 55+ 0.321 1.344 0.239 0.811 -1.136 0.996 -1.140 0.127
Minority -3.103 1.355 2.290 0.022 -3.162 1.481 -2.135 0.016 *
Master's or higher degree 0.159 1.442 0.110 0.912 7.491 1.856  4.037 0.000 ***
Some level of college 1.037 1.705 0.608 0.543 5.655 1.558  3.629 0.000
Undergraduate degree 0.436 1.679 0.260 0.795 4.625 1.173 3.943 0.000
Low Income 2.330 1.767 1.319 0.187 -2.579 1475 -1.748 0.040
Median Income 2.130 1.634 1.304 0.192 -1.032 1.190 -0.867 0.193

Table 4. Conventional and LE Estimation of Demographics Effects, Social Consensus

Conventional LE
Std.
Estimate Error zvalue Pr(>|z]) Estimate Std. Error zvalue Pr(>|z|)

Intercept 0.860 1.002 0.858 0.391 0.876 1.469 0.597 0.275
Male -0.720 0.478 -1.505 0.132 -1.409 0.724  -1.947 0.026 *
Age Group 38-54 -0.444 0.619 -0.718 0.473 -2.485 1.440 -1.726 0.042 *
Age Group 55+ -0.099 0.569 -0.174 0.862 -3.590 1373 -2.616 0.004 **
Minority 0.652 0.725 0.899 0.368 -1.445 1.452  -0.995 0.160
Master's or higher degree 0.340 0.718 0.473 0.636 2.337 1.302 1.795 0.036 *
Some level of college 0.753 0.773 0.973 0.330 1.913 1.125 1.700 0.045 *
Undergraduate degree 0.642 0.726 0.885 0.376 1.758 1.418 1.240 0.108
Low Income 0.095 0.720 0.131 0.896 1.785 1.184 1.507 0.066
Median Income 0.158 0.602 0.262 0.793 0.555 1.270 0.437 0.331
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Table 5. Conventional and LE Estimation of Demographics Effects, Government Subsidy

Intercept

Male

Age Group 38-54

Age Group 55+

Minority

Master's or higher degree
Some level of college
Undergraduate degree
Low Income

Median Income

Table 6. Conventional and LE Estimation of Demographics Effects, Referendum

Intercept

Male

Age Group 38-54

Age Group 55+

Minority

Master's or higher degree
Some level of college
Undergraduate degree
Low Income

Median Income

Estimate
0.742
-0.298
2.823
0.017
0.925
-1.028
-0.238
-1.075
0.126
0.698

Estimate
1.306
-0.709
2.345
-0.198
0.277
-1.277
-0.236
-0.413
0.993
0.253

Conventional

Std.

Error zvalue Pr(>|z])
0.888 0.836 0.403
0.487 -0.611 0.541
1.105 2.554 0.011
0.514 0.033 0.973
0.704 1.314 0.189
0.742 -1.386 0.166
0.765 -0.311 0.756
0.711 -1.513 0.130
0.749 0.168 0.866
0.648 1.077 0.282

Conventional

Std. Error zvalue Pr(>|z|)
0.918 1.424 0.155
0.509  -1.393 0.164
1.113 2.107 0.035
0.527 -0.376 0.707
0.690 0.401 0.688
0.760  -1.680 0.093
0.795  -0.297 0.767
0.725  -0.570 0.569
0.822 1.208 0.227
0.650 0.389 0.698

LE
Estimate  Std. Error  zvalue
2.544 1.486 1.712
-0.369 0.660  -0.559
1.908 0.910 2.097
-1.901 0.843 -2.253
-3.917 1.010 -3.879
-0.125 1.129 -0.111
-0.609 1.191 -0.511
-1.585 1.223 -1.296
0.678 0.871 0.779
-0.889 0.720 -1.236
LE
Estimate  Std. Error  zvalue
0.642 1.695 0.379
-1.806 1.097 -1.646
-1.217 1.097 -1.110
-0.168 1.005 -0.167
0.760 1.109 0.685
0.903 1.430 0.631
-1.314 1.437 -0.914
0.732 1.333 0.549
-0.494 1.322 -0.373
-0.275 1.062 -0.259

p

r(>]2])
0.043 *
0.288
0.018 *
0.012 *
0.000 ***
0.456
0.305
0.097
0.218
0.108

Pr(>|z])
0.352
0.050
0.134
0.434
0.247
0.264
0.180
0.291
0.354
0.398
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