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Abstract
Our goal is to construct a confidence interval in order to understand
reasonable values of that parameter given the data presented. In order
to obtain these confidence intervals and the bounds for the parameter
of interest, we use profile likelihood techniques. Profile likelihoods
cannot be computed exactly due to two sources of error in profile like-
lihood evaluation: horizontal error and vertical shortfall. We present
an estimation method for computing the profile likelihood where we
control for both sources of error in the sampled points and use our es-
timated profile likelihood to construct confidence intervals. We pre-
dict that as our horizontal noise decreases, and the number of data
points increase, that we will achieve a better estimated confidence in-
terval. Through our simulation, we hope to attain a robust method,
with good estimates of the profile likelihood and confidence intervals
for various data generating scenarios. These methods have applica-
tions for predicting mobile health intervention outcomes.

Method of Estimating Parameters
Description of the use of Profile Likelihood
Our method of estimating complex parameters uses profile likelihood
to construct a confidence interval for the parameter of interest. The
profile likelihood is found by maximizing over the nuisance parame-
ters. Statistical theory tells us that intersecting our profile likelihood
with a horizontal line 1.92 vertical units down from the maximum
constructs an asymptotic 95% confidence interval for our parameter
of interest.

Figure 1: Constructing a 95% confidence interval S={g : L 6 g 6 U}.

Estimating Profile Likelihood Curve
In our problem, we do not have the true profile likelihood curve due
to two sources of error:
1. Horizontal error- We cannot accurately evaluate our implicit func-
tion, g(φ)
2. Vertical error- We cannot maximize to calculate our profile likeli-
hood curve
Our method estimates the profile likelihood.

Figure 2: Estimating profile likelihood curve by accounting for horizontal and vertical error in our problem.

Simulation Description
Our simulation will be run on simple data for the estimation of simple
parameters such as the mean. Eventually, we hope to create a robust
method that has good prediction scores on complex data and parame-
ters and can be used in a variety of different situations and problems.

Figure 3: Progression of the simulation designed to evaluate and train our method to increase its accuracy and robustness.

Once we have a robust method, we will implement our method on
new data with unknown parameter values so at to obtain an accurate
estimate of these parameters.

Timing Comparison for our Simulation
We run our simulation to compare computational efficiency of differ-
ent resources. The implementation with the highest number of itera-
tions and the use of parallelization and Flux computing gives us the
most accurate and computationally efficient estimation of complex
parameters.

Figure 4: Progression of the simulation designed to evaluate and train our method to increase its accuracy and robustness.

Simulation Results
We run a simulation with data generated from a bivariate normal. Our
parameter of interest is the maximum of the two means. We vary the
mean values, the number of observations, n, and the number of points
used to estimate the profile likelihood, s.

Figure 5: Percentage of true parameter found in the estimated and true confidence intervals.

Our results give the percentage of the constructed confidence intervals
that contain the true parameter in comparison to the percentage of
true confidence intervals that contain the true parameter. Our method
did a good job of constructing confidence intervals, as the percentage
of estimated confidence intervals that contain the true parameters is
close to 95% for all the results. Visualization of possible results are
below.

!

3 4 5 6 7

-3
.5

-3
.0

-2
.5

-2
.0

-1
.5

-1
.0

-0
.5

True Profile Likelihood versus Estimated 
 mu = (5.1, -5)

Maximum of mu

Li
ke
lih
oo
d

True PL
Estimated PL

3 4 5 6 7

-3
.5

-3
.0

-2
.5

-2
.0

-1
.5

-1
.0

-0
.5

True Profile Likelihood versus Estimated 
 mu = (5.1, 5)

Maximum of mu

Li
ke
lih
oo
d

True PL
Estimated PL

4 5 6 7 8

-3
.5

-3
.0

-2
.5

-2
.0

-1
.5

-1
.0

-0
.5

True Profile Likelihood versus Estimated 
 mu = (5.1, 5.09)

Maximum of mu

Li
ke
lih
oo
d

True PL
Estimated PL

Figure 6: Plots of the true profile likelihood and the estimated profile likelihood for the maximum mean parameter.

Future Work
Our method of estimating the profile likelihood to construct confi-
dence intervals for a complex function of the parameters performs
well. There are two future directions we hope to work towards. First,
we hope to improve our estimation method in situations when it does
not perform well. Secondly, we want to use our method to construct
confidence intervals for the health outcomes of patients in mobile
health trials.
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