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Abstract

In this paper we propose an inferential procedure for transformation models with conditional
heteroskedasticity in the error terms. The proposed method is robust to covariate dependent
censoring of arbitrary form. We provide sufficient conditions for point identification. We then
propose a consistent estimator and show that it is asymptoticaly /n normal. We conduct a
simulation study that reveals adequate finite sample performance. We also use the estimator in
an empirical illustration, where we estimate the effect of UI benefits.
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1 Introduction

The monotone transformation model is usually expressed as:
T (yi) = zifo + €i (1)

where y; is a scalar dependent variable, x; is a d-dimensional vector of covariates, ¢; is an unob-

servable error term whose distribution is unknown. The function 7" (-) is unspecified, but assumed



to be monotone. The object of interest is the d-dimensional parameter vector Gy. We assume that
we have a sample of iid observations.

In this paper we consider the monotone transformation model with a general form of random
censoring and conditional heteroskedasticity. We motivate this problem by illustrating a duration
analysis. It can be shown that popular duration models such as an accelerated failure time model,
a proportional hazard model, and a mixed proportional hazard model, are specific examples of the
transformation model (see 7). Thus, applying the transformation model will reduce model spec-
ification error that might be caused by a specific hazard assumption. In duration data, however,
censoring arises naturally because of a data collection procedure, and it may easily depend on co-
variates. For instance, a censoring variable of unemployment duration data may possibly depend on
individual characteristics such as age, occupation, education etc. Also, conditional heteroskedas-
ticity is quite common in such an economic data set. Moreover, the presence of heteroskedasticity
in nonlinear models can lead to inconsistency. Hence, the estimator proposed here fills a gap in the
literature on censored models in that it is both robust to random censoring and heteroskedasticity.

There is a large volume of the literature on estimating the transformation model, but no es-
timator allows for both a general form of random censoring and conditional heteroskedasticity
simultaneously. The maximum rank correlation (MRC) estimator by ? and the Monotone Rank
Estimator (MRE) by ? can only be applied to special forms of conditional heteroskedasticity, and
do not allow for a censoring variable to be dependent on covariates in an arbitrary way. ? proposed
the Quantile Rank Estimator (QRE) for a heteroskedastic transformation model, but it still does
not allow for random censoring. Recently, ? proposed the Partial Rank Estimator (PRE) that
allows for random censoring, but it assumes that the error term ¢; be distributed independently of
the covariates z;.

The two-stage partial rank estimation procedure can accommodate data with random censoring
and conditional heteroskedasticity. The new estimator shares the same advantages of usual rank

estimators, so it does not require a specific error distribution, and satisfies y/n—consistency. In



addition, it is consistent for random covariate dependent censoring and heteroskedastic error terms
under mild regularity conditions. The key condition is the median independence that is also adopted
by ? for the maximum score estimator. The new estimator exploits the monotone property of a
conditional median function that is implied by the median independence. Without any difficulty,
it can be extended to any other quantile that is independent of covariates.

The rest of the paper is organized as follows. In section 2, we introduce the model and estimation
method. The asymptotic properties are also proposed in the section. The finite sample properties
are investigated by means of Monte Carlo simulations in section 3. Section 4 applies our estimator to
unemployment duration data and compare our estimator with existing ones. Section 5 concludes
and suggests future research areas. Technical proofs are presented in the appendix unless it is

helpful to understand the argument.

2 Estimation Procedure and Asymptotic Properties

We modify the model (1) slightly to introduce censoring problem.! The right censored transforma-

tion model can be expressed as:

T (v;) = min (B + &, ¢) (2)

di = 1(zifo+ei <) (3)

where 1 (+) is an indicator function, ¢; is a random censoring variable that may depend on z; in an
arbitrary way, d; is a binary random variable that indicates if the data is censored or not, and v; is
a new dependent variable. So, the variable v; is 71 («}Bp + €;) for uncensored observations, which
is y; in the original transformation model. For censored observations, v; is 7! (¢;) . Observations
are composed of (p + 2)-dimensional vectors (v;, d;, 2}), and satisfy the i.i.d. assumption.

Random censoring models has been studied widely both in econometrics and statistics, espe-

1We illustrate here identification for the univariate censoring case. Similar arguments can be used to attain point
identification results for the double censoring case. See ?.



cially related to covariate dependent censoring (see ? and references therein). Although the PRE
proposed by ? is robust to covariate dependent censoring in the censored transformation model, it
requires that the error term e; be distributed independently of the covariate x;. This assumption
may be overly restrictive in the sense that it rules out any form of conditional heteroskedasticity. In
this paper we relax the independence assumption by assuming only a quantile of ¢;, say the median,
is independent of the covariates. To permit random covariate dependent censoring, we now make
the assumption that the random variables ¢; and ¢; are statistically independent given x;.

First, we establish identification result and propose a Quantile Partial Rank Estimator (QPRE).
Then, we show that it satisfies /n—consistency and asymptotic normality. The new estimator
exploits monotone property of the conditional quantile function. Based on monotone quantile
functions, we can construct a rank estimator analogously to ? and ?. The key condition for point

identification of the MRC is
P (fij > Olzi, xj) > P (fji > Olzs, x5) < 2380 > 5 00. (4)
To motivate the new estimator, we first define the random variables:

vii = di-vi+(1—d;)- (+00) (5)

Yoi = Ui (6)

Then, we can derive the condition (4) by defining

fij = med (T (y1:)) — med (T (yo;)) - (7)



Let mq(x;) and mg(z;) denote conditional median functions of T (y1;) and T (yo;) respectively:

my (z;) = med (T (yui) |2:) (8)

mo (z;) = med(T (yo;) |zi) - (9)
Then, we can rewrite the conditional probability P (fi; > 0|z;, z;) as:
Pr(fij = 0lz;, ;) = Pr(mq (z;) > mo (25)), (10)
and the following inequality always holds:
mo (z;) < 2580 < my (x;) - (11)
Therefore, we can see the following rank correlation:
zifo > xjfo = Pr(my (z;) > mo (z;)) = 1.

We next summarize the related regularity conditions and propose the detailed identification

result in the Theorem 2.1.

I1 Let Sx denote the support of x;, and let X denote the set

X ={zeSx:Pr(zjfy <clzy=z)=1}. (12)

Then, X has positive measure.

12. The random variable ¢; is distributed independently of the random variable ¢; conditional on



x;, and satisfies the median independence:
med (gi|x;) = 0. (13)

I3. The support of z; is not contained in a proper linear subspace of R% and the dth component

of x; has an everywhere positive Lebesgue density conditional on the remaining components.

Condition I1 requires that there exists some x with positive measure, such that the index value,
xo, is less than the censoring variable for all support of ¢. The condition can be seen as an
extension of the Assumption R.1 in 7 to a random censoring case. This condition always holds if
the censoring variable is truncated and Condition I3 is true. Condition 12 requires the conditional
independence between the error term and the censoring variable. Also it assumes that median of
the error term is distributed independently of the covariate x;. Since this condition permits any
relationship between ¢; and x; for other quantiles, conditional heteroskedasticity is allowed in the
model. Condition 13 is the standard regularity condition for point identification in semiparametric
literature. This condition is also adopted by the MRC and the maximum score estimator.

Point identification is characterized by the following theorem, whose proof is left to the appendix:

Theorem 2.1 Suppose that the Assumptions I1-13 hold. Let y; denote T~" (x}Bo +¢€). Then we
have that

mo (z;) = my (x;) = med (T (y;) |zi) = =P (14)
if and only if v € X.

The above result, along with the invariance of medians, suggests an (infeasible) rank estimator
based on the conditional medians of yg; and y1;. Thus, we would estimate Gy by maximizing the

following objective function

Qn(f) = —— > (i) = mo(x))|1[i8 > f). (15)
i#]



The function @, () exploits ?’s measure for rank correlation between median functions and indices.

To construct a feasible estimation procedure, we replace the unknown median functions in the
above estimator with their nonparametric estimators. For these first stage estimators, we adopt the
local polynomial approach introduced in ?. For a detailed description of the estimator, see 7. Here,
we simply let mgnvp (x4), Thf"’p (z;) denote the local polynomial estimators where the superscripts
denote the bandwidth sequence (d,), and order of polynomial (p) used. Conditions on d, and p
are stated in the theorem below characterizing the limiting distribution of our estimator of Gy. To

avoid the technical difficulty of dealing with a smoothing parameter inside an indicator function,

we define our heteroskedasticity robust estimator of 3y, denoted here as Bht as follows:

B = arg max n<nl_1> D Ko (" (i) = 1 ()1 [ = ] (16)
i#]

where K, (1) = K(-/hy), with K(-) denoting a smooth approximating function to an indicator
function (i.e. a cumulative distribution function), and h,, denotes a sequence of positive constants,
converging to 0, such that in the limit we have an indicator function. This smoothing technique
was introduced in the seminal work of 7.

We next state the limiting distribution theory for Bhe. Our limiting distribution theory for this
estimator is based on the following assumptions:

Assumptions on the Median Functions

(c)

i

Q1. For any value 2@ in the support of xﬁd), m;(-) j = 0,1is k times differentiable in x
)

Letting Vym(2(9), 2(9)) denote the vector of k* order derivatives of m;(-) in azgc , We assume

the following Lipschitz condition:

Vi (o, 2D) = T2, o) < ) — o

() .(e)

for all values z7”, x5 in the support of 29

;. where [|-|| denotes the Euclidean norm, v € (0, 1],

and /C is some positive constant. In the theorems to follow, we will let p = k£ + v denote the



order of smoothness of the quantile function.
Assumptions on the Trimming Function

T. The trimming function 7 : ®¢ — R+ is continuous, bounded, and bounded away from zero on

its support, denoted by X;, a compact subset of R?.
Assumptions on the Regressors

B1. The sequence of d + 2 dimensional vectors (v;,d;,z;) are independent and identically dis-

tributed.

B2. The regressor vector z; has support which is a subset of R,

We order the components of x; so it can be written as x; = (xi(d),xi(c))’ . Let d. denote
dim(x,-(c)). Assume that 1 < d. < d and that the support z;(9) is a convex subset of R%
and has nonempty interior. Assume that the support of z;(? is a finite number of points

lying in %979, We will let fx(z) denote the product of the conditional (Lebesgue) density of
) (d)

azgc given z; " (denoted by fx(o)|x (@ =y (2(9))) and the marginal probability mass function

of X@ (denoted by fy (zD)).

(c)

i -

B3. fX<C>|X(d) (:L'(C)) is continuous and bounded on the support of x

B4. Assume that X} = Xj4_1) X Xyq where X;q_1) and Xiy are compact subsets with non-empty
interiors of the supports of the first d — 1 components, and the d*" component of x;, respec-
tively. For each = € A}, denote its first d — 1 components by z(q_1). & will be assumed to

have the following properties:

B4.1. X, is not contained in any proper linear subspace of ¢,

B4.2. fx(z) > e >0 Va € X, for some constant €.

Assumptions on the Median Residual Terms



D1. Let u; = y1; — mi(x;); in a neighborhood of 0, wj; has a conditional (Lebesgue) density,
denoted by fy1)x,—.(-) which is continuous, and bounded away from 0 and infinity for all
values of z € X;. As a function of z, f,x,—, is Lipschitz continuous for all values of uy; in a

neighborhood of 0. Define ug; analogously and assume it has analogous properties.

Furthermore, we require conditions on the smoothness of the median functions. Let

T (x,0) = /1[93 € X|Iu € X|r(z)1[mq(x) > mo(u)|I[x'5(0) > u'B(0)]dFx (u)
+ /1[37 € X|I[u € X|ry(u)l[mi(u) > mo(x)|I[u'3(0) > ' 3(0)]|dFx (u)
and let
ron(,0) = / 1z € X]IJu € X]I[2'3(0) > ' B(0)|dFx (u)

let A/ be a neighborhood of the d—1 dimensional vector §y. Then we impose the following additional

assumptions:

E1. For each x in the support of z;, 741 (z, -) is differentiable of order 2, with Lipschitz continuous

second derivative on .
E2. E[Vy74(-,6p)] is negative definite
E3. For each x in the support of z;, T42(z, ) is continuously differentiable on N.
E4. E[||Vi7e(,00)%] < oo
Finally, we impose conditions on the second stage smoothed indicator function and bandwidth:

SI1. The function K(-) is positive, strictly increasing, twice differentiable with bounded first and

second derivatives, and satisfies the following:

SI1.1. limyyoo K(x) =1, limy— oo K(x) =0



SI1.2. [ K'(x)dz =1
S12. h, >0 and h,, — 0.

The following theorem establishes that these additional assumptions, along with a stronger
smoothness condition on the quantile function and further restrictions on the bandwidth sequence,

are sufficient for root-n consistency and asymptotic normality of the proposed estimator:

Theorem 2.2 Assume that p > 3d./2, and that in the first stage, k is set to int(p) and the
bandwidth sequences satisfy /ndn — 0, logny/ n=16;3% — 0 and

Vnh 2(6% +logn -n~t6,%) — 0
. Define

Sy yoirwi) = T(@i) Sy (0) fmg (ma (22) (Uyni < ma ()] — 0.5)Vi7ga(xi, o)

(@) fo 2, (0) frny (0 (1)) (Lyor < mo(7)] — 0.5) Vg2 (i, 6o)

Uo;

where f].1(+), fl.o(-) denote derivatives of density functions of the median functions; then under
Assumptions A,B,Q,T,E,SI
V(0 —6o) = N(0,V, AV ) (17)

where Ag = E[64(vi, 2:)84(vi, 2;)'] and Vg = 1 E[Vatg1 (2, 60)).

The variance matrix can be consistently estimated by a numerical derivative form (see ? and

?) or a kernel method. We may also adopt resampling methods in case of a small sample.

3 Monte Carlo Simulation

In this section we investigate small sample properties of the proposed estimator by conducting a

simple Monte Carlo simulation study. The base design is a censored transformation model with

10



two covariates as below:

T(vi) = w1+x260 +¢i

di = 1(z1;+x200+¢i <c)

where x1; and x9; are distributed as a chi-squared with one degree of freedom, and standard normal.

The coefficient of z1; is normalized as one. We consider the following two simulation models:
1. T (v) = v; g; follows the standard normal divided by 2; ¢; follows a log-normal distribution.

2. T(v) = logv; g; = exp (—0.5 . (:zfl)) n;, where 7; follows the standard normal; ¢; = 0.5 -

(
(2; +23;)-

The first model has homoskedastic error terms and covariate independent censoring variables.
In the second mode, we have both conditional heteroskedastic errors and covariate dependent
censoring.

Tables 1 and 2 show the simulation results. For each design, we conducted 401 replications
with sample size of 100, 200 and 400. In the first stage of QPRE, we estimated conditional median
functions by applying the nonparametric method in ?. We fitted the model as a constant function
and used the optimal bandwidth ¢;n 6% for a constant c;. In the second stage, we estimated 3y
by maximizing the objective function of the QPRE in (16). The cumulative density function of
the standard normal distribution was used for the kernel function. For the bandwidth of Kernel

~1/5 Constants c1 and ¢y was chosen

function, we again used the optimal bandwidth ¢z (n(n — 1))
by the rule of the thumb explained in ?. A grid search method was applied for an optimization
algorithm. We evaluated the objective function on 501 equispaced points on the interval [—5,5].
For comparison, the performance of the PRE and the MRC estimator was also examined. Again,
the same grid search method was used to determine estimation values.

Overall, the QPRE estimator shows good finite sample performance in both simulation experi-

ments. In the first model, the QPRE performs better than the PRE or the MRC when the sample

11



size is 100, but the RMSEs of the latter decrease faster. The MRC has the smallest RMSE when
the sample size is 400. On the other hand, the QPRE shows better performance than the other
two estimators at all sample sizes in the second model as we expected. Table 2 shows that in the
log-linear regression model with heteroskedasticity the RMSEs of the MRC and the PRE decrease
very slowly while the QPRE shows y/n—convergence rate.

Consequently, the results from our simulation study indicate that the QPRE introduced in this
paper performs well for heteroskedastic transformation models with covariate dependent random
censoring. Thus, it can be applied to empirical settings with flexible restriction as we will see in

the next section.

4 Empirical Illustration: UI Benefits and Unemployment Dura-
tion

In this section we analyze the effects of Ul benefits on unemployment duration by using the censored
transformation model. We use the data set from 7 submitted to the U.S. Department of Labor.
They constructed this data set by individual-level surveys, but the initial sample was generated
from administrative records. So, key variables such as unemployment duration and UI benefits do
not suffer from severe measurement error as in other household surveys. From the data set, we
choose seven interesting variables whose descriptive statistics are summarized in Table 3.

We consider the following censored transformation model:

T (y;) = min (20 + ¢, ¢)

d;

1 (x;ﬁ +g < CZ')

where y; is the length of unemployment and z; is covariates whose columns correspond to age, race,
highschool dropout, recall, and log weekly UI benefit level respectively. We normalize the coefficient

of age to be one. The variable ¢; is a random censoring that may depend on regressors in an

12



arbitrary way, and the error term ¢; allows conditional heteroskedasticity. Finally, the variable d; is
an indicator of right censoring. Covariate dependent censoring and conditional heteroskedasticity
is quite plausible for this model. If there were idiosyncratic shocks in the market, then it would be
highly probable that workers with a similar characteristic might lose their jobs at the same time.
For instance, we can think of an industry-specific shock that might induce high unemployment rate
in a certain group of workers. Considering quite heterogeneous individuals in the data set, the error
term is easily to be heteroskedastic.

Table 4 summarizes estimation results. For comparison purpose, we also provide estimates
using Cox’s proportional hazard (PH), PRE and MRC. The PH model was estimated by the
standard maximum likelihood method, and we changed its scale to compare them with results
of rank estimators. The simulated annealing method was adopted for point estimates of rank
estimators, and 95% confidence intervals denoted in square brackets were constructed by using the
bootstrapping method. Besides the high school dropout, the QPRE gives the largest coefficient
values in absolute term. The Scaled PH based on MLE gives the smallest interval estimate as
expected. The confidence interval of QPRE is a little larger than the other two rank estimators.
This might be the result of the nonparametric estimation procedure that the QPRE involves in
the first stage. All estimators give the same sign for coefficients and they are significant with
95% confidence level. Thus, we may conclude that covariate dependent censoring and conditional
heteroskedasticity are not so relevant for this specific data set. Finally, the QPRE shows that the
additional Ul benefits decrease the length of unemployment duration in this data set, which was also
found in ? and 7. The result in this paper indicates that any form of conditional heteroskedasticity

is not the reason inducing minus sign of the coefficient.

5 Conclusion

In this paper we consider a censored transformation model with conditional heteroskedasticity. To

estimate the model, we propose the quantile partial rank estimation procedure. It is shown that

13



the proposed estimator satisfies \/n—consistency and asymptotic normality. We also investigate
its finite sample properties through a Monte Carlo simulation study and show that it works ap-
propriately in small samples. For empirical illustration, we estimate the effect of UI benefits on
unemployment duration.

We conclude this paper by suggesting areas of future research. First, it would be useful to for-
mally construct estimator for the transformation function 7' (+) . It could be achieved by modifying
the rank estimation procedure in ?. Second, we can think of an extended model with functional
coefficients, i.e. linear coefficients are nonparametric functions of additional covariates. These

nonparametric functional coefficients can be estimated by localizing the QPRE similarly to ?.
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Appendix

5.1 Proof of Theorem 2.1

First we show the necessity part. Suppose that x; € X. Then, we have

Pr (T (y1i) — 2ifBo < 0lz;) = Pr(T (yi;) — zifo < 0,d; = 1|z;) + Pr (T (y15) — 2380 < 0,d; = 0|z;)
= Pr(e <0,& < ¢ —zjfolw;)

= Pr (Z—Zi S 0|l’z)

N =

where the third equality follows from the hypothesis that z; € X, i.e. Pr(¢; — )8y > Olx;) = 1.

Now we turn our attention to myg (x) keeping the hypothesis.

Pr (T (yoi) — B0 < Olz;) = Pr(T (yoi) — zifo < 0,d; = 1]z;) + Pr (T (yoi) — 360 < 0,d; = 0|z;)
= Pr(e <06 < ¢ —2ifolw;) + Pr (@80 > cirei > ¢ — @i folw;)

= Pr(e <0lx;)

N =

where the third equality again follows from the hypothesis. Therefore, we can conclude that

z; € X =my (z;) = mo (z;) = 2580 = med (T (y;) |x;) .

Next we look at the sufficiency part. Suppose that my (z;) = mg (z;) = ;60 = med (T (y;) |xi) -

15



Then, we have

Pr(g; > 0lz;) = Pr(T (yoi) — z;fo > 0|z;)
= Pr(T (yoi) — zjfo > 0,d; = 1|z;) + Pr (T (yo;) — xjB0 > 0,d; = 0|;)
= Pr(0< ; — xifolxi) + Pr (0 < ¢; — zifo < &ilz;)
= Pr(e; > 0,¢ — 2}fo > 0la;)

= Pr(e > 0lz) - Pr(zj6 < ¢|z;)

where the last equality follows from the hypothesis that €; L ¢;|z; which is the maintained assump-
tion. From the equation Pr(e; > Olx;) = Pr(e; > 0|z) - Pr (2,8 < ¢;|zi), we can conclude that

Pr (28 < ¢i|z;) = 1. [ |

5.2 Proof of Theorem 2.2

The asymptotic properties follow from arguments that are very similar to those used in 7, so we
only provide a sketch of the steps involved. First we expand the kernel function of the estimated
median functions around the kernel of the true median functions in (16), yielding the sum of the

three components
1

T, (8) = wn D > Kn, (mai — moj)1[xiB > 2] (18)

i#j
H,(8) = n(nl ; K}, (m1i — mog )iy (i — mag) — (g — mop)1[&}B > 28] (19)
Rn(ﬁ)n(nl ;Kﬂn my; — m03)h 2(m12 mi; — Moj + mOj)Ql[xfiﬁ > x;ﬁ] (20)

where we have adopted the shorthand notation my;, m1; denotes mf"’p (

x;), m1(x;) respectively, and
* denotes intermediate values.
First we deal with (19). It follows by uniform rates of convergence for median function estimators

over compact sets, (see, e.g. 7) where these rates depend on p,d,, Assumptions SI1,SI2, and the
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rates imposed on 6, h,, stated in the theorem Ry, (/) is 0,(1/n) uniformly over 8 within an Op(1/y/n)
neighborhood of 3.
Turning attention to H,(3), with the properties of K(:) in Assumption SI1, we apply the

arguments in Lemma A.4 in ? that uniformly over § within o,(1) neighborhoods of 3y, we have
1 n
Hn = - = 5 1y Y01, L3 1 21
(B) = (B~ Fo) ;1 (y1is Yoi, zi) + 0p(1/n) (21)

Finally, with regard to I',(3), we have by the properties of K(-),h, in Assumption SI1,SI2,
using identical arguments as in Lemma A.3 in ?, that uniformly over § within o, (1) neighborhoods

of By, we have

L(6) = %(ﬁ = 50)'Va(B = Bo) + 0p(1/n) (22)

Combining these three results, the limiting distribution of the estimator follows by applying

Lemma A.2 in ?. [ ]
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Table 1: Simulations Results: Linear Model with Homoskedasticity and CI censoring

Mean Bias Median Bias RMSE MAD
100 obs.

QPRE -0.1555 -0.1600 0.2220 0.1864
PRE 0.0495 0.0200 0.3280 0.2416
MRC 0.0185 0.0000 0.2505 0.1935

200 obs.
QPRE -0.14951 -0.1600 0.1855 0.1597

PRE -0.0043 -0.0200 0.1954 0.1526

MRC -0.0097 -0.0200 0.1538 0.1217

400 obs.

QPRE -0.1304 -0.1400 0.1560 0.1350

PRE 0.0086 0.0000 0.1378 0.1065

MRC 0.0047 0.0000 0.1077 0.0865

Table 2: Simulations Results: Log-linear Model with Heteroskedasticity and CD censoring

Mean Bias Median Bias RMSE MAD
100 obs.

QPRE -0.1104 -0.1200 0.2375 0.1876
PRE 0.4263 0.3800 0.4814 0.4271
MRC 0.4107 0.4000 0.4435 0.4107

200 obs.
QPRE -0.0999 -0.1000 0.1735 0.1406

PRE 0.3980 0.3800 0.4241 0.3980

MRC 0.3867 0.3800 0.4007 0.3867

400 obs.

QPRE -0.0659 -0.0600 0.1248 0.0999

PRE 0.3817 0.3800 0.3933 0.3817

MRC 0.3803 0.3800 0.3878 0.3803

18



Table 3: Descriptive Statistics

Variable Mean Std. Dev. Min Max
Unemployment duration 48.90 45.05 0.14 185.71
Censor (censored=0) 0.79 0.41 0 1
Age 39.75 11.90 17 83
Race (white=1) 0.66 0.47 0 1
High school dropout 0.17 0.38 0 1
Recall 0.44 0.50 0 1
Log UI benefit level 5.27 0.45 2.71 6.02

Data Source: 7, n=2736.
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