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About This Publication

Binomial metrics like probability-to-detect or probability-to-hit typically provide
operationally meaningful and easy to interpret test outcomes. However, they
are information-poor metrics and extremely expensive to test. The standard
power calculations to size a test employ hypothesis tests, which typically
result in many tens to hundreds of runs. In addition to being expensive, the
test is most likely inadequate for characterizing performance over a variety of
conditions due to the inherently large statistical uncertainties associated with
binomial metrics. A solution is to convert to a continuous variable, such as
miss distance or time-to-detect. The common objection to switching to a
continuous variable is that the hit/miss or detect/non-detect binomial
information is lost, when the fraction of misses/no-detects is often the most
important aspect of characterizing system performance. Furthermore, the new
continuous metric appears to no longer be connected to the requirements
document, which was stated in terms of a probability. These difficulties can be
overcome with the use of censored data analysis. This presentation will
illustrate the concepts and benefits of this approach, and will illustrate a simple
analysis with data, including power calculations to show the cost savings for
employing the methodology.
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IDA The Binomial Conundrum

 Testing for a binary metric requires large sample sizes

Power Calculation, 90% confidence,

Sample Size Requirements Performance 10% better than threshold

100%

90% 90% 005%
Sample Confidence Confidence )
Size Interval Width  Interval Width 50%
(p=0.5) (p=0.8) o
60%
10 + 26% +21% 5
S 50%
50 +11.6% +9.3% o ' >
30% 4
100 + 8.2% + 6.6% 209 -1
10% 5 == ==
500 +3.7% +2.9% . e N
CMJO 10 20 30 40 50 60 7Q 80 90 100110 120 130 140 150
Number uns

« Difficult (impossible?) to achieve acceptable power for factor analysis
unless many runs (often >100) can be resourced

— Non-starter for implementing DOE concepts (characterizing
performance across multiple conditions)

Approved for public release; distribution is unlimited.
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lD A Coentinvres-Metries:
—— An informative test solution

* Chemical Agent Detector

— Requirement: Probability of detection greater than 85% within one
minute

— Original response metric: Detect/Non-detect
— Replacement: Time until detection

e Submarine Mine Detection

— Requirement: Probability of detection greater than 80% outside 200
meters

— Original response metric: Detect/Non-detect
— Replacement: Detection range

o Missile System
— Requirement: Probability of hit at least 90%
— Original response metric: Hit/Miss
— Replacement: Missile miss distance

Surrogate continuous metrics provide much more information!

Approved for public release; distribution is unlimited.
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Detector Results

Chemical Agent

Data is for lllustration only

90
. Estlmqte the probability of o] . Binary responses lose \
detection at 60 seconds at the ol /7 information! ) Ot”' t
mean concentration NN etec
« Detection times and detect/non- .gs"' = :
detect information recorded £ .
30 . X L Detect
* Binary analysis results in 300% 201 _— Mean
increase in confidence interval 10- Concentration
width A Sy 1 15 2 25
Concentration
Response Probability of Lower 90% Upper 90% Confidence
Detection within Confidence Confidence Interval Width
60 seconds at mean Bound Bound o~
Binary 0 o . .
(Detect: Yes/No) SRR 60.5% 94.4% 33.9%
Continuous 91.0% 86.3% 94.5% 8.2%
(Time)

Annra i . . . . A

N 2z
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l DA S Q"l"u’t‘)l @IineSse;tinuton aimited.
—— Binomial Conundrum

Cost Inflation for Binary Responses

 Recast Binomial metric (e.g., probability 20
of detection) as a continuous metric (e.g.,
time-to-detect) 25 /

— Others: detection range, miss distance 20 /
15 /
- Significant cost savings realized, plus the 10

0

continuous metric provides useful 5 D;ém/
1

Cost Inflation

information to the evaluator/users 0

0 2 3

=—Ap = 10%
==Ap = 20%

Signal to Noise Ratio for Continuous Response

 Challenges:
— How to handle non-detects/misses?
» Typical DOE methods (linear regression) require an actual measurement of the
variable for every event

Important test results!

to evaluate the requirement

system met it's KPP: Pyq>0.507?)

Approved for public release; distribution is unlimited.

» Can not force the test to get detection ranges, or throw out events — non-detects are
— Common concern: Switching to the continuous measure seems to eliminate the ability

» E.g., we measured time-to-detect and calculated a mean, how do we determine if the

5/25/2016-5



lD A Usingrésontiveus bata
—_— (with non-detects)

 Censored data=we didn’t observe the detection directly, but we
expect it will occur if the test had continued

— We cannot make an exact measurement, but there is information we
can use!

— Same concept as a time-terminated reliability trials (failure data)

Corresponding

Run Result Result Timelines Run Time of Detection
No. Code No. (hours after COMEX)
4.4

1 Detected Target 1 I ‘ 1

2 Detected Target 1 — 2 2.7
3 No detect 0 I %K 3 >6.1
4 Detected Target 1 |—‘ 4 2.5
5 Detected Target 1 I 0 5 35
6 Detected Target 1 | 0 6 5.3
7 No detect 0 | 4 7 >6.2
8 No detect 0 I 4 8 >5.8
9 Detected Target 1 |—‘ 9 1.8
10 Detected Target 1 — 10 2.7

= Detect = No-Detect

Approved for public release; distribution is unlimited.
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Parameterizing Data

Assume that the time data come from an underlying distribution, such as
the log-normal distribution
— Other distributions may apply — must consider carefully, and check the
assumption when data are analyzed

That parameterization will enable us to link the time metric to the
probability of detection metric.

Cumulative Distribution Function (CDF)

Probability Density Function

0.2 1
0.18 //\\\ 0.9 P
0.16 0.8
2014 / \ § 0.7
0 / \ 23
9 012 \ =0 o6 7
g o1 A\ 2> o5 //
S 008 ES o4
£ 006 / - ©8 03 /
0.04 // \\\ - 0.2 /
002 f 0.1 //
0— 0 —
0 1 2 3 4 5 6 7 8 9 10 0 1 2 3 4 5 6 7 8 9 10

Time-to-Detect (hr)

Approved for public release; distribution is unlimited.

Time-to-Detect (hours)
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Parameterizing Data

Assume that the time data come from an underlying distribution, such as
the log-normal distribution
— Other distributions may apply — must consider carefully, and check the
assumption when data are analyzed

That parameterization will enable us to link the time metric to the
probability of detection metric.

/PDF defines the \

Probability Density Function c( distribution of a n (CDF)
02 random variable
0.18 /\\ . I e
. 7\ (like a smoothed
20 / \ histogram, one or
S 012 / \ more parameters
) \ L — .
£ o1 A EE determines shape)
S 008 ES oap y
g 0.06 / X © '5 0.3 =
0.04 / \\ - 0.2 /
/ ~ /
0.02 / 0.1 /
o— 0 _
0 1 2 3 4 5 6 7 8 9 10 0 1 2 3 4 5 6 7 8 9 10

Time-to-Detect (hr)
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Parameterizing Data

Assume that the time data come from an underlying distribution, such as
the log-normal distribution
— Other distributions may apply — must consider carefully, and check the
assumption when data are analyzed

That parameterization will enable us to link the time metric to the
probability of detection metric.

Probability Density Function

Cumulative Distribution Function (CDF)

0.2 1
0.18 1/\\\ 0.9 T
0.16 Ve ~~ . 08
£ o1 CDF is the patrtial ) g§ 0.7
§ o integral of the PDF gg O° /
2 01 22> 05
2 000 at each value of the EE o /
£ o006 / random variable ©8 o3 /
Ay (amount of 2 02 //
0.02 ih
T/ probability to the left =
0 1 9 10

[
0
of each x value) J 0 1 2 3 4 5 6 7 8
Appreved-ferpUblic release; distribution is unlimited.

Time-to-Detect (hours)
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IDA Parameterizing Bata

« Example: Aircraft must detect the target within it’'s nominal time
on station (6-hours)
— Binomial metric was detect/non-detect within time-on-station

« If we determine the shape of this curve (i.e., determine the
parameters of the PDF/CDF), we can use the time metric to
determine the probability to detect!

Probability Density Function Cumulative Distribution Function (CDF)
0.2 1
0.18 //\\\ 0.9 /‘f
0.16 .
2 0.14 / \ 0.7 K
Bl \ 2.,
o 0.12 \ 2 O\, /
2 \ S /
% 0.1 = 0.5 /
< 008 £ 5 04
E 0.06 / O '8 0.3 /
0204 / \\\ o o:z /
/ ~ /
0.02 / 0.1 /
ob—rt 0 _ \ 4
6 1 2 3 4 5 6 7 & 9 10 0 1 2 3 4 5 6 7 8 9 10

Time-to-Detect (hr)
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New Goa

Goal of our data analysis: determine the parameters of the
distribution

— Once the CDF’s shape is known, can determine:
» Median/Mean time to detect
» And... translate back to the binomial metric (probability to detect)

Most common and generalized technique for determining the
parameters is via maximum likelihood methodology

— A Likelihood is simply a function that defines how “likely” a
particular value for a parameter is given the specific data we’ve

observed
parameters TBD data PDF
/
# data pomts \ / # data pomts /
L(o|t) = L(O|t;) = f(t:10)

1 i

i 1

Approved for public release; distribution is unlimited.
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IDA Likelthood Maximization

« We can maximize the log of the likelihood
- logL(8|x) or l(8]|x) is often easier to maximize
— Since log is monotone and 1-1, maximizing [(8|x) is
equivalent to maximizing L(8|x)

— Many common distributions belong to the exponential family
» Can be written as f(x|0) = h(x)c(8)exp{w(8)t(x)}

— Taking the log gives a much simpler expression:
L f(x|8) turnsinto Y w(0)t(x)

— Optimization via software much quicker in this form

 Optimization using software
— Programs like R, JMP, and Matlab (and others) can find
maxima and minima for functions that are difficult to solve in
closed form
— Plots of the likelihood give a visual representation which can
“ball park” the max

Approved for public release; distribution is unlimited.
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Plotting the Likelthood Function

4 .0e-06 8.0e-08 1.2e-05

0.0e+00

Likelihood for 8

Log likelihood for 6

—_—
L
& 1
D —_
=
3
—
O
o
L
3 -
L
8 -
6=6 6=6
| | | | | | | | | |
10 15 20 25 0 5 10 15 20 25

Approved for public release; distribution is unlimited.

For multiple
parameters,
imagine a
multi-dimensional
surface to be
maximized
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IDA MLEs for Likelihoods with
multiple parameters

« The approach for likelihoods with multiple parameters is the same
way.

— We solve
oL

o _

00,

oL

— =0

06,
simultaneously.

e Solving these maximization problems can often be done analytically
for well-understood distributions

— Numerical methods can also be employed

 Homework assignment: solve for B, and B, for simple linear
regression.

yi = Bo + P1xi1 + €

— (hint: the pdf in the likelihood is the normal distribution for the e;’s)

Approved for public release; distribution is unlimited.
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IDA Why Maximum Likelihood?

e Intuitive

— Choosing parameter that is most plausible given the data is a
natural approach

— In some common problems, MLESs are often identical to
familiar estimators from other methods (e.g., OLS estimators
from regression)

 Broad applicability

— MLE Framework can be applied in a variety of scenarios
» Very general

— If we can write down the likelihood, we can maximize it
— Closed form solutions in many cases
— Numeric solutions can be found in others

Approved for public release; distribution is unlimited.
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IDA Why Maximum Likelihood?

Consistency- As sample size increases, 8 converges to 6.

Asymptotic Normality- As sample size increases, the distribution of
@ converges to a normal with known variance

— Very useful for stuff like confidence intervals

— CAUTION: Doesn’t always work well for small samples

Invariant to transformation- The MLE for g(0) is g(8).
— This makes estimating functions of parameters very straightforward

— We can also find the variance (and hence confidence intervals) of
functions of parameters easily using the Delta Method

» e.g., compute probability of mission success based on mean time to
failure(detection)

Sufficiency- Contains all information in the data relevant to the
parameter being estimated

Approved for public release; distribution is unlimited.
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IDA Likelihood for Censored Data

e We construct our Likelihood function based on the desire to
use censored data:

parameters TBD parameters TBD
data data
# data points \ / \ /
L= 1_[ [PDF(w, o|t;)]1=%) x [1 — CDF (p, o|t;)]°%
Non-Censored data (& = 0) ) (
provide information to define the Censored data (& = 1) provide information
shape of the PDF! to define the shape of the CDF!

Approved for public release; distribution is unlimited.
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IDA Conceptualizing-them.
E— Censored-Data Fit

« For non-censored measurements, the PDF fit is easy
to conceptualize VZ

« For censored measurements, the data can’t define
the PDF, but we know they contribute to the probability A A A

density beyond the censor point

« Example event from an OT: Time > 6 hours — that data point cannot
increase the probability to the left of t=6.0 in the CDF!

— Detect will occur at some time in the future, so it must contribute to the
probability beyond t=6.0

1 1
— 0.9
0.9 o
0.8 // 0.8 /‘
g 0.7 / g 0.7 /
gg 0.6 // e 8 06
ge _ g
Zz0s / Including a bunch of 520 ;
> Q . S5 Q /
o g o4 / censored (Time >6 hour) ©5°% /
£ 03 ; £ 03 £ /
o / events will push the CDF o /
o to the right o2
0.1 - 0.1 A
. (see how probability to P

i1 2 3 4 5 6 7 8 9 10
Time to Detect (hours)

o
(=)
o

1 2 3 4 5 6 7 8 9 10 detectisloweratGhourS)

Time to Detect (hours)

Approved for public release; distribution is unlimited.
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IDA Simplest Example

 Consider data from slide 6..... '
0.9
« With only 10 data points, the censored 0.8
data approach provides smaller ' N
confidence intervals £ 0.7 n
— 16% reduction in interval size 8 oc
— Better estimate of the probability to o
detect > 05
. . . % 0.4
 More confident system is meeting S
requirements, but with same amount of & 03
data 0.2
0.1
1
0.9 0 :
Binomial Time-to-Detect
Calculation Censored Data
Analysis

Time-to-
Binomial Detect
Probability Censored
Calculation Data
UEWSIE

Cumulative
Probability to Detect

Confidence
Threshold
Pgetect > 0.51is
met

5/25/2016-19



lDA Approved for public release; distribution is unlimited.
L\

« Examplein JMP....

No. (hours after COMEX)
4.4
2.7
>6.1
2.5
3.5
5.3
>6.2
>5.8

© 00O N OO o b~ W DN P

1.8

=
o

2.7

Approved for public release; distribution is unlimited.
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IDA Characterizing Berformance

« Now data from atest with factors varied (DOE)...

e Consider atest with 16 runs
— Two factors examined in the test

— Run Matrix:
arget Fa arget Sla Totals
: ocatio 4 4 8
e ocatic 4 4 8
8 8 16
— Detection Results:
arget Fa arget Slo Totals
C ocatio 3/4 4/4 7/8 (0.875)
s ocatio 3/4 1/4 4/8 (0.5)

6/8 (0.75) 5/8 (0.63)

Approved for public release; distribution is unlimited.
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IDA Attempt to Cliaracterize Performance

 As expected, 4 runs in
each condition is
insufficient to
characterize
performance with a
binomial metric

« Cannot tell which factor
drives performance or
which conditions will
cause the system to
meet/fail requirements

o Likely will only report a
‘roll-up’ of 11/16
— 90% confidence

interval:
[ 0.45, 0.87 ]

o
o]
|

o
~
|

o
(o)}
|

o
Y
|

Probability to Detect (@6 hours)
o o
w o

o
N
|

o
=
|

B Binomial Analysis

o

Test Location 1  Test Location 1
Target Slow Target Fast

Test Location 2 Test Location 2
Target Slow Target Fast

Approved for public release; distribution is unlimited.
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IDA Approved forbbllc release; dlStFIbutIﬁlS unlimited.
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e Demoin JMP

o Datain Excel.... Analysis in JMP..... Plots in Excel...

Approved for public release; distribution is unlimited.
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IDA Characterizing

Approved foSblic rel?ase; distribution is unlimited.

er

ormance Better

« Measure time-to-detect in lieu
of binomial metric, employ
censored data analysis...

» Significant reduction in
confidence intervals!

Now can tell significant
differences in performance
» E.g., system is performing
poorly in Location 2
against slow targets

We can confidently conclude
performance is above
threshold in three conditions

» Not possible with a
“probability to detect”
analysis!

Approved

M Binomial Analysis
1 e . .................................... - .......................

Probability to Detect (@6 hours)

& Censored Data Analysis

Test Location 1 Test Location 1

Target Slow

Target Fast

Test Location 2 Test Location 2
Target Slow Target Fast

or public release; distribution is unlimited.
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= A slight Diversion..”.”
IDA PR

How did we get those confidence intervals?

Approved for public release; distribution is unlimited.
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IDA Confidence Intervals on Functions

 Typically we are not interested in reporting confidence intervals on
the parameters estimated

 Rather we are interested in estimating some function of those
parameters

“But the F's aren’t helpful... I need to know how
well the system performs against
countermeasures and slow targets.”
Or

“The f's don'’t tell me if the system passed the
requirement.”

« To construct confidence intervals C d

on functions of parameters we

need to propagate the error from

the parameters to the actual — + Bx+ + Box- + X
response using the multivariate K 'BO 'Bl 1 '82 2 '812 12
delta method.

Location 1 a b

Approved for public release; distribution is unlimited.
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IDA wDelterMethod:

Propagation of Error

Earlier, we mentioned that MLEs were invariant to
transformation

— Also true for multivariate data

— To compute the variance, we need to use the Delta Method

The variance of is 8 given by the variance-covariance matrix

. [ a?e(a)}1 .
= = AKA Fisher
0 0600" —L information matrix ]

Propagation of error for multiple parameters:

ag
904

var (g(8)) = g'(8) £5¢'(8) , where g'(8) =

evaluate at MLE

Derivative first, then
estimates for parameters

Approved for public release; distribution is unlimited.
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lDA rorfd @b etire o
Propagation of Error

 Let's look at the case of two parameters: g(8)=g(M,0)

* A (1-a)100% confidence interval on g(M,B) is:

90 9] = § (8) + Z<1_a/2>J var(g(i, &)

normality in the
e Where parameters

var(§(4,6)) = (gi Vér(ﬁ)+(§gj vau&wz(iij@ijcav(ﬁ,&)

Note this assumes J

Most software will
output the covariance
matrix from the MLE
fit

then plug in MLE

Take derivative first,
values for parameters

Approved for public release; distribution is unlimited.

5/25/2016-28



IDA

roved foI public relepse; distribution is unlignitg

Example App

icafions of Delta Method

* In censored data analy%\imerest

N

At the censor point, or
some other point of

we are often interested in:;:

e A

- g (ﬁ' 6) = CDF(t = tOr /:ir 6)
— We can now estimate the upper and lower

confidence intervals on Py ..(t = 6 hours),
where for the lognormal fit we use:

- §@6)=o(H2E) =05 erfe (- “‘f’ﬁ‘ﬁ)

nother common quantity of interest is the

guantile function:

- 3 (1,6) = t, = exp(i + @71 (p) * 6)

0.8+

Cumulative
Probability to Detect

0.7
0.6+
0.5
0.4+
0.3
0.2

\ 4

1

2 3

4

5

6

Time to Detect (hours)

— We can now estimate upper and Iower\(

function

Log-normal quantile J

confidence bounds for the 50" percentile of
the time distribution (median time to detect)

Approved for public release; distribution is unlimited.
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Delta Method:
L\

Data with Factors

* If we are determining the effect of factors and want to
estimate Probability of [Detect/Hit/etc.] in Condition 1, 2, 3:

5,6 = ("9 2 05 erfe mg;gﬁ)w

Where i = By + Bixy + Baxp + Biopxiz +... of ag=X-B

« Still use same approach for estimating confidence intervals
on g (d,6) -- now just include full model, and plug in x;’s for
point of interest in factor space (after the derivatives) \

:
T 6_61 Target Target
0))=g'(0) £;,¢'(0) ,wh "(0) =] : Location 1 1,+1 1,41
var (9(6)) = 5 0)' 58(0) where ¢0)= |

26, Location 2 (+1,-1) (-1,-1)

Approved for public release; distribution is unlimited.
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IDA Full Example:” " Submarine Detection Time

» System Description

Sonar system replica in a
laboratory

Data recorded during real-
world interactions can be
played back in real-time.

System can process the
raw hydrophone-level data
with any desired version
of the sonar software.
Upgrade every two years;
test to determine if new
version is better

 Response Variable: Detection Time

Advanced Processor Build — Time from first appearance in recordings until operator detection
(APB) 2011 contains a » Failed operator detections resulted in right censored data
potential advancement e Factors:

over APB 2009 (new — Operator proficiency (quantified score based on experience,
detection method time since last deployment, etc.)

capability) — Submarine Type (SSN, SSK)
— System Software Version (APB 2009, APB 2011)
Approvee-or AwlrcagkéEy p@'it(uﬁop gnlimited.
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Approved fF]puinc release; distribution ig unlimited.

Look at the Data First

1.00

0.75

0.50

Detection Time (Scaled Units)

0.25

0.00

Detection Time (Scaled Units) vs. APB

Submarine Type
SSK SSN
Hydrophone Array Hydrophone Array
A B A B
Noise Noise Noise Noise
Loud Quiet Loud Quiet Loud Quiet Loud Quiet
- -
oy
. . ' .
.o : . :

i1 ¢ 11 9 1 ¢ 11 9 1 9% 11 9 11 9 11
APB

Approved for public release; distribution is unlimited.

ND
* 0
e ]

“Non-detects” or
censored data are
indicated as “1” for
ease in coding in
software

Note some events
ended without a
successful
detection
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IDA “Data Examined

L9 10 °°
S8 8, e JMP -> Graph -> Scatterplot Matrix
L e Apply standqrd
27 7T e model selection
e Bleggtt Lt techniques:
>N . Eﬁ;'- ’ l!ﬂ q

— Ensure factors

Submarine
Type

L N -
SSRECANRS > BRI [HT are not strongly
. T e I ey correlated or
LRI I * N HTH IR * IR significant
gz NEFTRE R RTE . A missing data
£ SeoW T R AL that would
Quiet .-=..l :..“:{ : .l!I; .. w.; ;:. ..- .::' i:..é preC|Ude fitting
T Ttk W ee | e . terms
BT TRI- TR I H LRI GRS SR - <4 — Holes in the
EL'I 1 L ] a8 W | S * " e R e L ] - - e - Be data mean
SR oos e h e T e = some model
g oo ri A4 aled o A o e terms will be
SRR R PHRR R - R - SN inestimable!
SRR - PR o L BRI S ac SR Sk PR SR Sad -
] 11 2 4 6 8 10 SSK SSN A B Loud Quiet
Operator Submarine Hydrophone

APB Experience Moise

Approved fc—)rrygt?blic release; distribfﬁlr(gﬁhi’s unlimited.
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Key Assumption

Right-censored data assume that detection
will occur eventually, if time continues

Put another way: this approach assumes the
cumulative probability to succeed (detect, hit,
etc.) is monotonically increasing

Often a stumbling block to employing the
method, esp. when the chance to
detect/hit/succeed after a certain point is
physically zero
— Example: target leaves the area providing no
further detection opportunities

Can still use the method!
— Should not predict beyond the censor point,
and generally should stay well-inside
— If possible, structure the test so that censor
point is well-outside where you need to
predict/estimate performance

Cumulative
Probability to Detect

Approved for public release; distribution is unlimited.

Good predictions!

1

0.91
0.81
0.71
0.6
0.57
0.4+
0.31
0.21
0.1

p

\

Caution!

/

/

2 3 4 5
Time to Detect (hours)

6

7
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IDA Detection fime Bistribution

 Recall: goal is to determine PDF/CDF that accurately reflects the
data
— Detection time does not follow a normal distribution

Normal Distribution Lognormal Distribution

0.9 pe— 0.9
0.8 —

0.7 L .
0.6 el '

0.5

0.4 |- / 4
0.3

0.2+ j "
0.1 =1

0t y
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Detection Time (Scaled Units) Detection Time (Scaled Units)

Approved for public release; distribution is unlimited.

Probability
e,
|
Probability
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Nodel Selection

e Start with automated model

selection

— Assumes normality, and
no censoring, but factor
significance is fairly
robust to this assumption

— Will narrow down set of
factors to a manageable

number

4~ Model Specification
Select Columns
ACOTF R...Number
hAPB
4OPR

W Operatar Level
dRec Factaor

Weight |

ADetect Time

ADetect Time 2 Add

Pick Role Variables

hType Freq | oo
thloise

ihArray By |
4D

Persofiality: [Stepwise

[ Help |

[ Rn |

Recall |
Remave |

Construct Model Effects

APB
Rec Factor

Cross | Type
Mest | Moise

Array

Macros ¥ | APB*Rec Factor

Degree

Attributes =
Transform =

APB*Type
APB*Noise
APB*Array

Rec FactorType

No Intercept |Rec Factor*Noise

For this case, we
choose to start with all
possible terms up to
3-way interactions

Approved for public release; distribution is unlimited.

Rec Factor*Array
Type*Moise
Type*Array
MNoise*Array

APB*Rec FactorType
APB"Rec Factor'Noise
APB*Rec Factor*Array
APB*Type*Noise
APB*Type*Array
APB*Noise*Array

Rec FactorType*Noise
Rec Factor*Type*Array
Rec Factor'Noise®Array
Type*Moise*Array

Keep dialog open

Y
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IDA Sub Detection Exam

P

e: Model Selection

 Fitlognormal model using down-
selected factors from automated

results

38 Report: Fit Model - JMP

g e 1

4~IModel Specification
Select Columns
~10 Columns
4ARun num
hAPB
Operator Type
o dOperator proficiency
hTarget Type
wArray
il kNoise
fl 4AND (censored)
dDeltaT (scaled)
dFitted Failure Quantile

Pick Role Variables

Time to Event| 4 DeltaT (scaled)

Freg | optional num
Censor | ND {censored)

Cause |
Coe o

Construct Model Effects
Location Effects | Scale Effects

add | APB
[I| Operator proficiency
1055 Target Type

Nest | Array
Macros ~ | NO!SE
Noise*Target Type

Pegez Array*Target Type
Attributes =1 |Noise*Array
Transform = |Target Type*APB
[ No Intercept | ArrayAPB

E] | |

Personality: IParametric Survival

Distrib: I Lognormal

Censor Code: -
Help ‘ Run |
Recall ‘ [CIKeep dialog open
Remove‘

Array*Target Type*APB

Noise*Array*Target Type

Approved for public release; distribution

Further reduce model by hand

— Remove one term at a time
based on p-value

= OIL datz - Fit Parametric Survival - JMP = B 2
4 = Parametric Survival Fit
> Effect Summary
Time to event: DeltaT (scaled) AlCc 32.15079 Observation Used 100
Distribution: LogNormal BIC 57.80767 Uncensored Values 69
Censored By: ND (censored) -2*LogLikelihood 7.15079 Right Censored Values 31

4Whole Model Test
Chisquare  DF Prob>Chisq
48.1537 9 .0001

<4 Parameter Estimates
Term
Intercept
N apB[9]
Operator proficiency
i Target Type[A]
Array[A]
Noise[Loud)]
Noise[Loud]*Target Type[A]
Array[A]*Target Type[A]
Noise[Loud]*Array[A]
Noise[Loud]*Array[A]*Target Type[A]
o
Confidence Intervals are Wald

4Wald Tests

Source

APB

Operator proficiency
Target Type

Array

Noise

Noise*Target Type
Array*Target Type
Noise*Array
Noise*Array*Target Type 1

4 Effect Likelihood Ratio Tests

Nparm

e e

Source Nparm
APB 1
Operator proficiency 1
J T it 1
is uffliffited. ;

Estimate Std Error Lower 95% Upper95%
-0.5522733 0.2311351 -1.00529 -0.099257
0.29269011 0.1003904 0.0959285 0.4894518
-0.0743894 0.0320537 -0.137213 -0.011565
0.34621904 0.0984277 0.1533043 0.5391338
0.36379407 0.0980653 0.1715897 0.5559985
-0.3378599 0.0980367 -0.530008 -0.145711
0.17270532 0.0982455 -0.019852 0.3652629
0.0269611 0.0981344 -0.165379 0.2193009
0.0393645 0.0987934 -0.154267 0.2329959
-0.164062 0.0977743 -0.35569% 0.0275722
0.75958726 0.0681065 0.6261009 0.8930736
Wald
DF ChiSquare Prob>ChiSq
1 8.50024278 0.0036
1 5.38598076
1 123727734
1 13.7619749
1 11.876691
1 3.09019946
1 0.07548015 0.7835
1 0.15876475 0.6903
1 2.81556998 0.0934
L-R
DF ChiSquare Prob=ChiSq
1 8.3384639 0.0039
1 5.34645158
1 11.7137122
1 12 aR2A7221

1
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Approved for public release; distribution is ynlimited.
AT Final Model

Test Results

u=po+

p1 RF + [, APB + p5; Target + p, Noise + [s Array +
Pe Target x Noise + [, Target * Array + fg Noise x Array +
Po Target x Noise x Array

B1 (RF)

B2 (APB)

Bs (Target)

B, (Noise)

Bs (Array)

B¢ (Target*Noise)
B, (Target*Array)
Bs (Noise*Array)

By (Target*Noise*Array)

Increased recognition factors resulted in shorter detection times
Detection time is shorter for APB-11

Detection time is shorter for Type B targets

Detection time is shorter for loud targets

Detection time is shorter for the Type B array

Additional model terms added to improve predictions. Third order
interaction is marginally significant. Therefore, all second order
interactions nested within the third order interaction were retained
to preserve model hierarchy.

Approved for public release; distribution is unlimited.

0.0227

0.0025

0.0004

0.0012

0.0006

0.0628

0.9091

0.8292

0.0675
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IDA Resulits and Model Validation

Type A Type A Type A Type A Type B Type B Type B Type B
Array A Array A Array B Array B Array A Array A Array B Array B
Loud Quiet Loud _ Quiet _ Loud _ Quiet _ Loud _ Quiet
20 A 20

1.5+

11
1.0- 1.0 10
0.8 08
0.8 i
A }os 07
0.7 0.7
5 B 1]

0.
05 0.5 0. .
05- 0.5 }0 5 0.5 0.5
" 0.4 0.4 05 0.4
0.4
0.3 0.3 0.4 U.lo" (*)Dd 04 0.4
03 } 03 : ._?c s 3 ol oS 0.3
1 | 02
2 L,

Model Prediction

0.3 g
0.2 02 02(¥P2 " 0.1
’ O g S : 0.1 @b+
00 T : 0.0
T T T T T T T T T T T T T T T T
9 11 9 11 9 11 9 11 9 11 9 11 9 11 9 11
APB Version -® Model Prediction ® Data Median

Median detection times show a clear advantage of APB-11 over the legacy APB

« Check: Model prediction results are consistent with the
non-parametric median estimates

Note: Non-parametric medians calculated from the Kaplain-MARPEYEMH IRbPYRIICHRISAsE HisTRBiamimtdimiethe median with an 80% confidence interval
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Results an

Approveq for public release; djsfribution is un

enerits o

Note the effect of the censored data
(pulls up the median time estimate)

f

limited.

Approach

Type A Type A B Type B Type B Type B
Array A Arra_y A A Array A Array B Array B
Eolid Quie For this particular prediction, there Culs Cofid Culs
was only one detection, so a median
2.0 20 .. . .
is impossible to estimate; the model
enables an estimate!
1.5+ ;
c ®i4
o)
2 Significant differences
g 10- I "o between data and
5 ' model predictions
g s 08 o should be understood! °¢
0.7
0.5 05 08 . //I o
0.5+ é;‘ e ol ‘% 0.<(FM o.sgb 04#04 5 04
03 0.3 034)[’3 0.4 _3?‘35 ola o 03 %03
03 02 | 02
02 020 02 Mg' 0.1
00 T LL o 0.0
I I I I I I T I T I T I T I T
9 11 9 11 11 9 11 9 11 9 11 9 11 9 11
APB Version -® Model Prediction <®- Data Median

Confidence interval widths reflect weighting of data towards APB-11

Statistical model provides insights in areas with limited data

— w_othe median detection time in cases with heavy censoring is shifted
igher

Note: Non-parametric medians calculated from the Kaplain-MARPEYEMH IRbPYRIICHRISAsE HisTRBiamimtdimiethe median with an 80% confidence interval
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IDA what if we had just done the Binomial Analysis?

Logistic regression
(binomial analysis)
Effect Tests

Censored analysis

A4 Effect Likelihood Ratio Tests

L-R L-R
Source Nparm  DF ChiSquare Prob>=ChiSq Source DF ChiSquare Prob:=ChiSq
APB 1 1 8.3384639 0.0039" APB 1 18472374 01741
Operator proficiency 1 1 5.34645158 0.0208 Operator proficiency 1 41665227 0.0412%
Target Type 1 1 11.7137122 0006 Target Type 1 0 1.0000
Array 1 1 129636281 Array 1 26641235 0.1026
Noise 1 1 11.244081 0008 MNoise 1 2.0706052 0.0797
Noise*Target Type 1 1 29921104 0.0837 Noise*Target Type 1 0 1.0000
Array*Target Type 1 1 0.07572392 0.7832 Array*Target Type 1 0 1.0000
Noise*Array 1 1 0.15867745 0.6904 Noise*Amay 1 03772702 0.5291
Noise™Array*Target Type 1 1 276745543 0.0962 MNoise*Array*Target Type 1 0 1.0000
4 Parameter Estimates 4 Parameter Estimates
Term Estimate Std Error
Intercept -0.5522733 0.2311351 Term Estimate 5td Error
APB[9] 0.29269011 0.1003904 Intercept 0.0106256 0.664936
Operator proficiency -0.0743894 0.0320537 APB[9] -0.357354 0.2737247
Target Type[A] 0.24621904 (0.0984277 Operator proficiency 01714661 0.0929977
Array[A] 0.36379407 0.0980653 Target Type[A] -0.352271 03699359
Noise[Loud] -0.3378599 0.0980367 Array[A] -0.442248 0.3686938
Noise[Loud]*Target Type[A] 0.17270532 0.0982455 Noise[Loud] 04906555 0.36856719
Array[A]*Target Type[A] 0.0269611 0.0981344 Noise[Loud]*Target Type[A] 01493408 0.3687294
Array[A]*Target Type[A] -0.523949 (0.368399

Noise[Loud] TArray[A] 0.0393645 0.0987934
Noise[Loud]*Array[A]* Target Type[A] -0.164062 0.0977743
o 0.75958726 0.0681065

T . o Approved for public release; distribution is unlimited.

Noise[Loud]*Array{A] -0.135802 0.3702743
Moise[Loud]*Array[A]l*Target Type[A] -0.037941 0.2682997
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IDA What if we had just done the Binomial Analysis?

Censored analysis

A4 Effect Likelihood Ratio Tests

Source

APB

Operator proficiency
Target Type

Array

Noise

Noise*Target Type
Array*Target Type
Noise*Array
Noise™Array*Target Type

=
©
g
3

el e B I S S S e =

<4 Parameter Estimates
Term
Intercept
APB[9]
Operator proficiency
Target Type[A]
Array[A]
Noise[Loud]
Noise[Loud]*Target Type[A]
Array[A]*Target Type[A]
Noise[Loud]*Array[A]
Noise[Loud]*Array[A]* Target Type[A]
o

Logistic regression
(binomial analysis)

Most effects no longer

sts

Approved for public release; distribution is unlimited.

significant!
L-R L-R
DF ChiSquare Prob ChiSquare Prob:>ChiSq
1 8.3384639 0.0039 APB : 74 0.1741
1 5.34645158 0.0208" Operator proficiency 1 41665227 0.0412*
1 11.7137122 0006 Target Type 1 0 1.0000
1 129636281 Array 1 26641235 0.1026
1 11.244081 0008 Noise 1 3.0706052 0.0797
1 29921104 0.0837 Noise*Target Type 1 0 1.0000
1 0.07572392 0.7832 Array*Target Type 1 0 1.0000
1 0.15867/45 0.6904 Noise*Amay 1 03772702 0.5391
1 2.76745543 0.0962 MNoise*Array*Target Type 1 0 1.0000
4 Parameter Estimates

DE_:;Z;;;: OS;:;' Large errors/conf. Estimate Std Error
0.29269011 0.10039 mteryqls—low 0.0106256 0.664936
-0.0743894 0.0320§_Pre€CISon -0357354 02737247
0.34621904 0.0984277 Operator proficiency 0.1714661 0.0929977
0.36379407 0.0980653 Target TypelA] -0 0.3699359
_0.2278599 (.0980267 Array[A] -0442248 0.3686938
017270532 0.0982455 Noise[Loud] 04906555 0.3686719

0.0269611 0.0981344 Noise[Loud]*Target Type[A] 0.1493408 0.3687294

00393645 0.0987934 NoreelLoud Aoy 0133002 03702743
035;651322 ggg;ggi Moise[Loud]*Array[A]l*Target Type[A] -0.037941 0.2682997
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1IDA Comparing Précision of Results

4 = Distribution Profiler Censored analysis
2 L |
B 0.8
8 0453923 E
G -
2 1030728,
v 060721] 94
= 0.2
[1-]
L= 0 : :
9 11 PR A B A B loud  Quiet © o = W1
b
9 Operator A A Loud 0.707
APB proficiency Target Type Array Moise Time
4 = Prediction Profiler Logistic regression (binomial analysis)
T e 0.8 T
E [[}.21492, g'i ——""-"/F'—H; / | | _
ﬁ 0.72213] 0'2 ! R ] 1 L _\
o : e =
0
g 11 e = A B A B Loud Quiet
6
9 Operator A A Loud
APE proficiency Target Type Array Noise

Approved-for-public release; distribution-is-unlimited-
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Comparing Précision of Results

2d analysis

- Note the :
= difference in |
E . - :
€ 1030728 _confldence
2 0.60721] | intervals |
11 nEReaa A B A B Lloud Quiet © & — 1
6
9 Operator A A Loud 0.707
APB proficiency Target Type Array Moise Time
Binomial
o _ _ _ analysis loses
Prediction Profiler Logistic regression (binomial an{ time info —
. 1 ) effectiv_ely
S 0457541 | 081 - - e _ averaging
8 0210 | 0% L—""] / / over many | T
é”‘mﬂ] 02 - [ | different event | \
lengths ]
= A oy B Loud Quiet
6
Operator A A Loud
If desired, censored analysis can still | TargetType Array Noise

prOVide the “probabiW*&d&%@felease; disfribution-is-untimited-
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IDA Power and Confidence

« Power and confidence are only meaningful in the context of a
hypothesis test

o Statistical hypotheses:

H,: Mean Time to detect is the same in all environments
H;: Mean Time to detect differs between Environment 1 and Environment 2

Hoy: Ugnv1 = UEnv2
Hy: Upnv1 # UEnv2

 Power is the probability that we
conclude that the Environment
(Test Location) makes a difference
when it truly does
have an effect.

Test Decision

 Similarly, power can be calculated
for any other factor or model term

Difference No Difference
Real World

We need to understand risk!

5/25/2016-45



lDA Approved fqr pubjic release; distribution is unlimited.
Sizing Tests
L\

 Why size a test based on ability to detect differences in Pygoct?

— This is standard way to employ power calculations to detect
factor effects in DOE methodology

— We are interested in performance differences — this is how we
characterize performance across the operational envelope

— This is also how we ensure a level of precision occurs in our
measurement of P ... (Size of the “error bars” will be determined)

1

0.9

o
0

o
~

If we size the test to detect this
difference, then the confidence
intervals on the results will be
approx. this big

o
o

Probability to Detect
within time-on-station
(=] o
'S n

o
w

If the measured delta is different
than assumed, still ensure a
level of accuracy in the
measurement

et
(=]

o
o

(=]

Test Location 1 Test Location 2

Approved for public release; distribution is unlimited.
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Power to observe main effects: APd =0.40

0.9

0.8

=

—

0.7

/

0.6

0.5

0.4

0.3

0.2

Power to Detect Main Effect (confidencex~ 80%)

0.1

0

= continuous metric - censored data |
binomial metric

10

12

14

16

18 20 22
Total Number of Runs
(balanced design)

24

26

20

2N

Total Sample Size required to
detect Factor Effects with
90% confidence, 80% power

AP Binomial Contlnu_ous
) metric
detectable metric .
w/censoring
a0 N 2
30% 74 38
20% 166 08

40-50% reduction
in test size

Approved for public release; distribution‘is unlimited.

If you do NOT need to convert back to a Probability
(percentile) and can instead size test to detect

difference in quantile (median time), then benefit is
even greater!

5/25/2016-47




IDA How'to Calculate Power

* No closed form equation to determine in this case
e Standard method when no closed-form exists is to conduct a Monte Carlo

 Method:
— Establish the parameters (n and o) under the null hypothesis (e.9., Pyetect < 0.50)

— Establish the parameter to be tested (u in this case) under the alternate hypothesis
» Assume some effect size of interest for probability-to-detect; this equates to a shiftin p
— Simulate data under the alternate hypothesis
» For times that occur beyond the nominal event duration (e.g., 6-hour on-station time), the censor value is
setto “1.”
— Conduct the analysis on the simulated dataset
» i.e., MLE determines fitted values of p and o
— Determine the standard errors (or confidence intervals) for the parameters (and P yqec)-
Based on the standard errors and the selected alpha (1 — confidence) value chosen,
determine if the fitted P4 Value is statistically different than the null hypothesis P 4. Value
» If so, it's a “correct rejection” of the null
— Repeat the above steps 10,000 times.

— Power equals the fraction of correct rejections

 Note that Type 1 Error does not necessarily equal the alpha value you chose! Must check
when doing power calculations....

— For censored data analyses, type 1 error (chance of wrongly rejecting null when it's true) is
higher than alpha when:
» Small data sets

» High censorin
9 9 Approved for public release; distribution is unlimited.
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Conclusions

Many binary metrics can be recast using a continuous
metrics

— Care is needed, does not always work, but...

— Cost saving potential is too great not to consider it!

With Censored-data analysis methods, we retain the binary
information (non-detects), but gain the benefits of using a
continuous metric

— Better information for the user

— Maintains a link to the “Probability of...” requirements

Converting to the censored-continuous metric maximizes
test efficiency

— As much as 50% reduction in test costs for near identical
results in percentile estimates

— Benefit is greatest when the goal is to identify significant
factors (characterize performance)

Approved for public release; distribution is unlimited.
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Example R Code
L\

so = surv(discaledpT, 'dSND, type = 'right’')

f = survreg(
S0 ~ APB + Rec.Factor + Type + Array + Noise + Type“Noise + Type“Array + Noise“Array + Type“Noise“Array,
dist = "lognormal’,
data = d)

summary ()

predict(f, data.frame(Type = 'S5K’, Array = 'A°, APE = "9', Noise = "Loud’, Rec.Factor = 6.2))

Approved for public release; distribution is unlimited.
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