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Breaking News

JMP 5.1 will
be available
before 2004
begins! A few
of this
version’s new
features
include:

e | inux operating system support

¢ A space filling design platform in
Design of Experiments (DOE)

e Surface plots, parallel plots, and
cell plots

¢ An item analysis platform

¢ Six Sigma tool enhancements

er

Analyzing Dose-Response Curves in JMP

Jianfeng Ding, JMP Development

Mark Bailey, SAS Statistical Training and Technical Services

Bioassays are based on exposing
varying amounts of an active or toxic
compound to a biological entity or a
surrogate system and measuring the
response to this agent. The chemical
reactions involved in these assays
produce a response that is not linear
with the dosage. JMP can fit this kind
of a response with the Nonlinear
platform. Several new features in JMP
5.1 make it easy to set up such an

analysis and to explore the results.

The Assay and the Model

In this example, the result of the assay,
y, is the percent toxicity. A standard
compound of known potency is
diluted 3:1 in a series of 12
concentrations. A compound of
unknown potency is similarly diluted.
Each concentration is tested four
times. The mean toxicity of the
replicates is the response and the
reciprocal of the variance of the
replicates is used for a weight
regression. The more the replicates
vary, the less influence this dilution

will have on the regression.

The toxicity is directly proportional to
the concentration of the agent. The
model for this assay assumes that the
response increases monotonically.
The asymptotes (minimum and

maximum toxicity) produce a curve

with a sigmoidal shape. This response

is often referred to as a logistic curve.

It is assumed that the standard and
unknown compounds work by the
same chemical mechanism so that the
only difference should be a shift of the
curve to the left or right if the
unknown compound is more or less
potent, respectively. The purpose of
this assay is to determine the relative
potency. For reference, the
concentration of each compound that
produces 50% toxicity (EC50) is

determined.

The logarithm of concentration is the
predictor variable, x. Toxicity is

modeled here as a nonlinear function
of the parameters 4, b, ¢, xp, and y,, as

seen here:

(a=yo)

el {52

The a parameter is the asymptotic

y=yo+

maximum percent toxicity and yy is the
asymptotic minimum percent toxicity.
The other three parameters determine
the shape. The 4 parameter affects the
steepness of the rise in response

between the asymptotes. JMP calls this

(continued on page 2)
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(»iBioassay Template LN Log | Toxicity | Toxicity | Toxicity | Toxicity | Toxicity | Toxicity | Mean s Bioassay SPL USIng the
»iDose Response (=) Sample Conc Conc 1 2 3 4 & B Toxicity | Toxicity | Wieight Grouped -
=t Formula Library
[ neighting = 1 |Standard | 1000000000 | 900 | 8475| 9738| 8799 957 . o 9145| BO05| 00273 549096934
[=IFit Bioassay = 2 |Stendard | 333333333 | 852| 6167 Go6s| 629 go4 . o a7l 783| 0o72| Ba7eE1e| pp .
: ' ' ' : : ' ' : e last column in the
= 3|Standard | 111111111 | 805| 7689 | 8727 | 8637 10152 . o 8301 | 1046| 00097 | 543974852
(= Columns (134070 .
T Sampe = 4 |Stendard | 37057037 | 757 | 7446| 8001 | 7531 8504 . o| 7870| 483| o00420| 83465631 bloassay data table
ample
Conf = 5|Stendard | 12345579 | 709| s654| 658 5359 6941 . o| B126| 738| 00184| 812044317
Log Gone: & = 6 |Standard 4115225 | 661| 4451 | 4904| 3866| 4548 . o 4445| 431| 00539 762070702 (Flgure 1), Bioassay
Toxicity 1 =7 |Standard 1371742 | 614 | 2938| 344| 2592| 344 . o 3102| 415| 00582 E7.0271045 .
Tosicity 2 « 8 |Standard 457247 | 556| 21.33| 2423| 1959| 2356 . o 2218| 212| n2ms| saamsiss| OFL Grouped, contains
Toxicity 3 = 9 |Standard 152416 | 5418| 1687 | 1865| 1592| 1868 . o 1754 134| 05584| 41.49880465
B a formula for the
Towicity 4 = 10 |Standard 50805 | 471| 1522| 1679| 1458| 1558 . o| 1554 093] 1.1592| 31.3005777
Toxicity 5 . .
Toxic:'rty . 11 | Standard 16935 | 423| 128| 1443| 1382| 1481 . o 1382 083 14351 | 242432244 | shifted ﬁve—parameter
i T" ity BB = 12 |Standard 5645 | 375| 119 1284| 1205| 1281 . o 1235| 044| 51003 19.6643785
ean [oxIc < b
SD Toxisty é = 13 [Unknown | 1000000000 | 900 | 7868 | 8257 | 80.04| 8304 . o| 8108| 207| 02325 549096534 loglstlc curve
q = 14 |Unknown | 333333333 | 852| 76.92| 9191 | 77.37| 9376 . o| 5499| a9p3| 00121| 847861928 . .
]
Weight B = = = function. This column
Bioassay 5PL Grouped 15 |Unknowen | 111111111 | 805 | 71.45| 9483 9076| 8871 8644 | 1031 | 00094 | 843974852
- - - . .
16 |Unknowen | 37037037 | 757 | E396| 8316 7754| @14 7652| 69| 00132| 834853 | o ged instead of the
= Rows = A7 [Unknown | 12345679 | 09| 5499| 8798 | 7865 7946 . o 7527 | 1415| 00050 812044317
Al Rows 24| = 18 |Unknown 4115225 | 661| 392| 7535| B048| 5633 . o| 5784| 1487| 00045 762070702 predictot Varjable’ Log
Selected of = 19 |Unknown 1371742 | 614 | 2682| 5897| 455| 3781 . o| 4227 1351| 00055 E7.0271045
Excluded off = 20 |Unknown 457247 | SE6| 2032 4569| 2755 | a4z . o a04s| 11a1| ogore| seamsies| Conc. You can create
Hidden Ol = 21 |Urknowen 152416 | S48| 1671 3641 | 2185| 248 . o 2492 533 | 00144 | 414933045 this f la v If
et 0= 22 [Unknawn s0805 | 471 | 1282| 4047 | 2043| 177 . o| 2286| 1216 oooss| 313008777 1s Tormula yourse
= 23 [Unknown 16935 | 423| 1303| 2869| 162| 164 . *| 18s8| B81| 00209] 242433244 | with the formula
= 24 [Unknown 5645 | 375| 1063 125| 1185| 1246 . o 1179| 081| 15075 196643785

Figure 1: Bioassay data table template

(continued from page 1)

the reduced model because it doesn’t

take treatment groups into account.

A shift parameter, xps, is introduced
for x; to account for the potential
difference in potency. If xps is zero,
then the two curves are identical and
the two compounds have identical
potency. Two curves are fit, one with
the shift for the unknown data and one
without the shift for the standard data.
This form is called the parallel model.
The Nonlinear platform handles two

curves using a new grouping feature:

(a-y0)

1+ exp _[(x - (x;+ XUS))] ¢

y=yo+

Finally, in case the shape of the
standard and the unknown curve ate
not the same, possibly indicating that
the mechanism of toxicity is not the

same, shift parameters are introduced

for all of the original five parameters.
This form is called the full model:

(ot a— G+ )
R

Hypothesis tests are performed on the

y=yo+ Yo+

sequence of fitted models. First, the
parallel model is compatred to the
reduced model. If the parallel model is
not significant, then the potency of the
two agents is not significantly
different. Second, the assumption of
parallelism is tested by determining if
the full model is significantly better
than the parallel model. If it is, then
the assumption is violated. Finally, the
tull model is compared to the reduced
model in case the parallel model is not

significant.

The complete data table for this
example is shown in Figure 1. Space is

provided for up to six replicates.

editor, but there is a

easier way in JMP 5.1:

1. Select Analyze > Modeling >
Nonlinear.

2. When the dialog appears, click the
Model Library button under the col-
umn list, as shown in Figure 2. A
dialog opens with a list of nonlinear
models, as shown in Figure 3.

Fitting parameters in formula of Predictor column to Y column
—Cast Selected Columns inta Roles

—Select Columns:

o BIZ et ', Response | optivnal Numeric
Cang
Loy Cone #, Predictor Formula | optional Numeric
Taxicity 1 -
Girowy optional

oxicity 2 P | #

oxdcity 3 “weight [ optional Numeric

omicity 4

oicity 5 Freq | optional Mumeric

Toxdcty Loss | optiohal Numeric
Mean Toxicity
SD Toxicity By optional
Weight
Binas=ay SPL Grouped | | ¥ Predictar column must have formula
—Formulas
Predictor

Model Library

Loss

[ Second Derivatives

Figure 2: Nonlinear dialog

(continued on page 3)
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(continued from page 2)

[ Nonlinear Model Library =lol x|
melect & Model
LDEisﬁc 2E |
Logistic 4p

Logistic Sp (Richard Function)

Bioassay SPL Grouped

Sigmoid Shape polarograph steady state voltammetry (3P)
Wieibull model (4P

CES Procuction Function (4P and 2X)

Rodbard model (4P

Michaeliz Merten Madel (2P)

First-order Decay Kinetics (3F)

Gaussian Peak Shape (3P

Lorentzian Peak Shape (3P

Thermodynamic Linkage (3F)

Thermodynamics: Pressure and temparsture relationship (Zﬂ
Formula

thetat
[1 +thetaz*Exp[thetaz*x ]

[ Show Graph ] [ Make Formula ] o

Figure 3: Nonlinear model library

3.
formula for the model is shown
below the list.

. To see a graph of the model, click

Show Graph at the bottom of the

library window.

You can see the shape of this function

based on a set of initial values. You can

also use the slider to change the values

or enter numbers in a box. Figure 4

shows the shape of the same model

with different values for all three

parameters. These models are flexible

fitting tools.

Select Logistic 3P from the list. The
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Figure 4: Graphs of nonlinear functions

from library

To continue creating the formula for

this example:

1. Select Bioassay 5PL Grouped from
the library list.

. Click the Make Formula button.

. When the column selection dialog

appears, select Log Conc, click X,
and then OK.

. When the dialog prompts for a

Group variable, select Sample, click
Group and then OK.

. Enter the value that identifies the

unknown agent. In this example,
enter Unknown and click OK. The
model formula dialog then prompts

for additional information.

. Select Mean Toxicity, and then click

the Response button.

. Select Weight, click the Weight but-

ton, then click OK.

There is now a new column in the data

table containing the customized
formula for the chosen model. Here,
the new column is a duplicate of the

Bioassay 5PL Grouped column.

Note: The model library feature is
scripted. You can edit the definitions
in the built-in script to add models,
edit models, or delete models to suit
your needs. The instructions for these

changes are found in the chapter about

Register for a free JIMP Webinar at http://www.jmp.com/news/regwebinar_form.shtml or call 1-877-594-6567.

Date and Time

Title and Description

Friday, November 14,
2003 at 1:00 pm EST

Accessing Data with JMP
Have data in multiple locations and formats? Need to access data in multiple database
tables using SQL? Want to easily manipulate your JMP data? JMP's powerful access and
data manipulation tools will help you access and prepare your data for analysis.

Monday, December 15,
2003 at 1:00 pm EST

JMP for Six Sigma
In this webinar you'll see how JMP can be customized to fit the varied needs and levels
of practitioners in your organization and how JMP's graphical interactivity enables
everyone to make a contribution to the productivity gains promised by Six Sigma.
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nonlinear fitting in JMP 5.1°s JMP Sta-
tistics & Graphics Guide.

Fitting the Curve
You can now complete the Nonlinear
launch dialog using this constructed

model column.

1. Select Mean Toxicity and click Y,

Response.

2. Select the Bioassay 5PL Grouped col-
umn (or the duplicate you just cre-

ated) and click X, Predictor Formula.
3. Select Sample and click Group.
4. Select Weight and click Weight for a
weighted regression.

Figure 5 shows the completed

nonlinear launch dialog.

AT ~ioix]
Fitting parameters in formula of Predictor column to Y column

—Select Calumns —Cast Selected Columns into Feol

[ Sample Y Response || @ Mean Toxicity

Canc

%, Predictor Formula || @ Bioassay SPL Groupex! Cancel
Group |Sample
L wheight |l
Freq | sstions: suwmeric
Toxicity 6 Loss | cptionas numeric

hean Toxicty

Toxicity By

Biowssay SPL Grouped | | X Predictar column must have formula

reme]

aptional

—Formulas

Predictor =12,x0=6,a=

85,0=05,6=05,x0s= 0,703

=0,as=0hs=0cs=0}vy0+

Model Library

Loss

[ second Detivatives

Figure 5: Completed nonlinear dialog

Click OK on the launch dialog to begin
the fitting process, which is interactive
and iterative. The initial setup is
presented and it is waiting for you to
initiate the fit or make changes. Note
starting values for the parameters are

entered for you.

You will fit the reduced model first,
without any contribution to the model
from the shift parameters. Check the
boxes to the right of the last five

parameters, as shown in Figure 6.

¥ ='Nonlinear Fit
6[ Control Panel

Click Go to start.
Parameters st zero reset to small values 1o insure missing value propagation

5 Criterion Currert Stop Limit
teration L1} 0|
Shortening a 148

Obj Change 1 3407812154 00000001
Prm Change 13407812154 0.0000001

-
5

3 o] o

E] ||

5 A ERIES
a 508

g

Reset Gradisnt 13407612154 0.000001

Current Yelue Lock

W B[] SSE

0 el[] M 0

a |

b 05| ]

c 0s| ]

w0z -

a
@

Figure 6: Initial nonlinear fit control panel

Click Go. Figure 7 shows that the
fitting process converges to a solution.
The reduced model indicates that the
minimum mean toxicity is 10.657%
and the maximum mean toxicity,
(indicated by the value of the
parameter a) is 82.859%.

9[@ Monlinear Fit ]
0[ Control Panel ]

Repart
Converged in the Gradient

Criterian Current Stap Limit
Iteration 17 60
Shortening 0 15
Ohj Change 3.319426e-8 0.0000001

Prm Change 00005127712 00000001
Gradient  4.3429152e7 | 0.000001

Parameter  Current Yalue Lock

SSE  9.396430933

v0 1065706575

x0 7.3173553019) N 2
a 52.5509165594)

b 0.2077001454)

[ 0.2190416569|

*0s Te-100)

yOs 1e-100

as 1e-100)

bz 1e-100)

cs 1e-100

Save Estimates
- | Edit Alpha 0.050]
(Cosititzreo it Convergence Criterion| 0.00001

Goal SSE for CL

Figure 7: Results for reduced model

Comparing Solutions
This example fits three models and

compares the results, as follows:

1. Save these results by clicking the
red triangle on the Nonlinear Fit
title bar and selecting Remember

Solution.

2. When prompted, type a name for
this fit (name it Reduced Model) in
the text box and click OK.

3. To fit the parallel model, uncheck
the box to the right of the x0s

parameter.

4. Change the initial value, currently
1e-100, to O for the xys parameter.

5. Click Reset, and then click Go.

6. When this new model converges,
again save it with the Remember

Solution command, and name it

Parallel Model.

-

. For the last model, uncheck the
remaining four boxes next to the
parameters, and change their initial
values to 0.

8. Click Reset, then click Go. You will

see the results as shown in Figure 8.

9. Save it with the Remember Solution

command, and name it Full Model.

9[@ Nonlinear Fit
*[ Control Panel

Report
Converged in the Gradient

Criterion Current Stop Limit
Iteration 9 [=1]
Shortening 0 15
Ohj Change  4.93858932-8 0.0000001
Prm Change  0.0033231498 0.0000001

4.0573286e-7 0.000001

-M Gracient

Parameter  Current Yalue Lock

) 10877205036| [ ] SSE 1.8927348168
x0 74155796115 ] M 24
a a0 594645684| [
b 0.3108059943( [
c 0.3370216923( [
x0s 0204712091 | []
yOs -5.481398512| []
as 9218851371 | [
bs -n.057320792| [
cs -0.204572183| []

Coriidorcs Limgo | Et Aok 0050
OIGENCe - | o rwvergence Criterion 0.00001

Goal SS5E for CL

Figure 8: Results of full model nonlinear fit

Look below the Control Panel section
at the plots of the standard and
unknown curves of Mean Toxicity by
Log Conc. These plots are based on the
parameter estimates from the full
model fit. Another benefit of the
grouping feature (specified in the
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Nonlinear Fit launch dialog) is that the
curves appear on the same plot. You
can see that the curves are similar but

not parallel.

Look at the end of the report for the
Remembered Models section, as

shown in Figure 9. The table in the

middle presents three hypothesis tests.

* The first line indicates that the par-
allel model is significant (Prob > F
0.0047).

* The second line indicates that the
full model is significant (Prob > F
0.0002).

* The third line indicates that the full
model is significantly better than the
parallel model (Prob > F 0.0003).

*= Nonlinear Fit ]
9[ Remembered Models ]
Madel S3E OFE MSE Restrictions
Recuced Model 9396431 19 0494549 xOs=0 y0s=D, as=0,bs=0,c5=0
Parallel Model 75777335 18 0437852 yOs=0, as=0,bs=0 cs=0
Full Mode! 18927348 14 0135195

Hypethesized Afemnative  Denomintor S5 NDF DDF  FRafio Prob=F
Recluced Moclel Parallel Madel Full Model  1.5186974 114 11233 00047
Recuced Model Full Mociel — Full Model  7.5036962 s 14 1140 00002
Parallel biodel  Full Mocel  Full Model  5.9349987 4 14 11067 0000G

Parameter Reduced Model  Parallel Mode! Full Wodel
¥ 10.65706578 10.587322896 10.977295936
=0 7.3173553019  7.3394015551 74155746115
a 82659168594 82783505638 90594645884
b 02077001434 02083287444 03108063943
c 02190416569 02184841767 0.3370216523
x0s 0 -0249638508 -0.204712091
yls 0 0 -9.481398912
as 0 -3.219851371
bs 0 -D.087320792
cs 0 0204572183

coa

Figure 9: Remembered models report

When you created the model formula
for Bioassay5PL Grouped, the Model
Library script also created a table
property in the data table called Fit
Bioassay. Fit Bioassay contains a script
that automates the entire fitting

process. To see it work:

1. Close the current Nonlinear

window.

2. In the data table, click the red trian-
gle beside the Fit Bioassay table
propetty.

3. Select Run Script. This script fits the

reduced, parallel, and full models

and then records the remembered

results for comparison.

Custom Estimates

The x, parameter is related to the
horizontal location of the inflection
point of the curve. Suppose you want
to know about the difference in the
concentration between the inflection
point for the standard and the
unknown curves. You can use a2 new
feature, Custom Estimate, for this

purpose:

1. Click the red triangle icon on the
Nonlinear Fit title bar and select
Custom Estimate.

2. Enter the expression 10/x0. This
expression converts the logarithm
back to the original concentration

units for the standard compound.

The answer, which appears at the
bottom of the window, is 26036021
with a standard error of 6067999 (see
Figure 10).

3. Repeat this step for the unknown
compound using 107 (x0+x0s) for
the expression. The other inflection
point occurs lower at 16250343
with a standard error of 11715584

(Figure 10).

9[@ Nonlinear Fit
9[ Remembered Models

vew
Estimate St Error
26036021 GOG7399

[ 10 » (x0 + x0s)

Estimate St Error
16230343 11715554

Figure 10: Custom estimate results

Inverse Prediction to Find
EC50

Assume for the moment that the assay
curves are parallel. You want to obtain
an estimate of the EC50 level for the

standard and the unknown.

To do this, you must invert both the
standard and unknown parallel models
(solve the prediction equation for Log
Conc in terms of Mean Toxicity and the
parameters). JMP can solve the

equation for you:

1. Evaluate each inverted model with
the associated parameter estimates
to get both EC50 values.

2. Take the anti-logarithm to get the
concentration corresponding to
50% toxicity.

3. The ratio of the two concentrations
is the same as 10 to the power of the

difference of their logarithms.

4. Use this relation to compute the

ratio.

The script shown below performs all
of these computations. Be sure to
leave the Nonlinear window open
after fitting the models and before you

run this script.

// solve 5 PL model for x 1in
//terms of y.
invStdEqt = Invert Expr(

y0o + (a - y0) / (1 + Exp(-((x
- x0) / b)) Ac,

X,

50
)
invUnkEgt = Invert Expr(

y0 + (a - y0) / (1 + Exp(-((x
- (X0 + x0s)) / b))) A c,

X,

50
K

// get parameter estimates.
{ y0, x0, a, b, c, x0s, yOs, as,
bs, cs } =
(Nonlinear[1] << Report)
["Remembered Models"]
[NumberCo1Box (10)]
<< Get;

(Nonlinear[1l] << Report)["Remem-
bered Models"] << Append(
OutTine Box( "Relative
Potency",
TabTe Box(
String Col Box(
"Parameter"”, {
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"Log Standard EC50",

"Log Unknown EC50",

"Relative Potency",

"Parallel Check (p >
"

D,

Number Col Box( "Esti-
mate", {

( invStdEqt ),

( invUnkEqt ),

10A(Eval( invStdEqt
)-Eval( invUnkEqt )),

(NonTinear[1l] <<

Report)
["Remembered Models"]
[NumberCo1Box(8)] <<
Get(3)
1D
)
)
K

After itis run, the script adds the custom
report, shown in Figure 11, to the
bottom of the Nonlinear window as part

of the Remembered Models section.

9[@ Nonlinear Fit
9[ Remembered Models
9[ Relative Potency

Parameter Estimate
Log Standard ECS0 77571
Log Unknowwn ECS0 6.52607
Relative Potency 17768
Parallel Check (p=F)  0.00029

Figure 11: Custom report for inverse
prediction

In this example, the unknown sample is
1.78 times more potent than the standard
compound. The appropriate p-value
from the Remembered Models report is
copied here. It indicates a significant
deviation from the assumption of
parallelism so the estimate may not be
valid.

Conclusion

Several new features of JMP 5.1 make it
easy to set up and fit nonlinear models.
Special scripts that are built into JMP
support specialized but common tasks,
e.g., bioassay curve analysis. Scripts
enable you to take an analysis even
further. Stay tuned to find out when you

can obtain your copy of JMP 5.1.

From the Trainer

Far Out

Mark Bailey, SAS Statistical Training and Technical Services

You sometimes have an idea or model in your mind about how your data should

look, and you’re surprised when the results don’t match your expectations.

Unexpected values can be those that are much lower or higher than the other data.
John Tukey called such values ox/ying data, or simply outliers. ]MP provides several
tools in the Distribution platform for you to use to explote outliers, including

Tukey’s schematic plot (sometimes called the outlier box plot).

In addition to plots, numerous statistics can detect outliers or assess their impact.
To the uninitiated, it might seem like these tests are all the same and that one test
is as good as another. However, the only thing that they share is a common
purpose. The wide-ranging battery of tests result from many possible populations
that you might encounter and the myriad processes by which samples can be
contaminated. Each test is built for a specific population and specific type of
contamination. A more complete discussion of outliers and data contamination

can be found in Barnett and Lewis (1994).

That’s Normal

This article illustrates a case in which the population is known to follow the
Gaussian (normal) distribution. Observations of physical characteristics of
people, such as height, or data involving sums, such as sample means, are
approximated well by this distribution. The following examples look at height and

the calibration factor of an instrument.

This first example uses a table that is the subset of males from the Big Class data
table (Figure 12), found in the JMP Sample Data folder. This folder was installed

on your computer when you installed JMP.

[@Elig Class Males LB ] !‘

() Distribution ;I (= name age |sex QEEON weight
(> Bivariste hd 1[TiM 12 |M &0 a4
() Columns (5] 2 | JAMES 12 |M 51 128
@ name -2 3 |ROBERT 12 M 51 7
@ age 4 | JOHN 13 M 63 95
[H sex 5 [JOE 13 M 63 105
B |MICHAEL 13 M 58 93
B el 7 [pavio 13 M 59| 78
@ § [FREDERICK 14 M 63 93
il Rowes 2 9 [ALFRED 14 M G4 99
Selected 10 [HEMRY 14 M 63 119

Figure 12: Males from Big Class.jmp

A distribution of the height of male students (Figure 13) shows an outlier box plot,

and a normal quantile plot. Both plots suggest that one value is an outlier.

One method of detecting outliers is Grubbs’ outlier test (Grubbs, 1969). The null
hypothesis tests that there is no outlier in the data. The test statistic is based on

the ratio of the maximum absolute deviation from the sample mean to the sample
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standard deviation, as shown below:
Maz(y:-])
G = f

The critical G value for the hypothesis

test is given by this equation:

-1 #!

G —. [————
SN W24

N is the sample size and #is the
quantile from the Student’s #
distribution with probability o/ (2N')
and N - 2 degtrees of freedom. The G
and critical G values can be computed
with a column formula or a JSL
expression. The script listed at the end
of this article was used in JMP to
incorporate the Grubbs’ test results
into a distribution analysis of the male
students’ heights. The script can also
be downloaded from www.jmp.com
by clicking Downloads > JMP Script
Library.

The script displays the dialog in Figure
14 that prompts for one numeric Y’
variable and the significance level.
When you click OK in this dialog, the
script performs the distribution in
Figure 13, and it appends the Grubbs
test after the Moments table.

As shown on the right in Figure 14, the
sample G, 2.99622, is greater than the
critical value, 2.75773 (0= 0.05). The
observed G has a p-value of 0.01451.
Therefore, the conclusion is that this

low height value is an outlier.

The outlier can then be excluded and
the test repeated. In this way, more
than one outlier can be detected with
the same method. It is generally
recommended that this test be used
only with a sample size greater than

SiX.

9[@ Distributions

¥ height

70|
85_ [ @
0

55

50—'

ROBERT
.

o D0 2 @ 78 0% |
: .

Mormal Quartile Plot

Figure 13: Distribution of male students’ heights

IMP: Select Columns
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Figure 14: Dialog and results of Grubbs’ outlier test
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Figure 15: Partial listing of calibration
factor data

A second example is from the
electronic handbook by NIST/
SEMATECH, 2003. The data includes
196 actual calibration factors from a
heat flow meter calibration and

stability analysis (see Figure 15).

The same distribution analysis with
the Grubbs test indicates that there is

no outlier in this sample (Figure 16).
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Figure 16: Outlier analysis of calibration factor dat:

The Grubbs Test and Normality

The Grubbs test assumes that the
population is normally distributed
with fixed location and dispersion,
which can be verified using control
charts. The individual values and
moving ranges in Figure 17 show
points (rows 1, 2, 3, 45, 46, and 189)
that indicate the calibration process
might not have been stable during this
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period of observation. If so, then the
sample is a mixture of data from more
than one population. This situation
invalidates Grubbs test because shifts
in the process mean or variance can
mask the presence of real

contaminating data.

Other tests have been developed for
situations involving non-normal
populations, mixtures of populations,
more than one outlier beyond the
same tail, outliers beyond both tails,
and so on. See Barnett and Lewis
(1994) for more information about

these tests.

Conclusion

This article highlighted an important
statistic for finding an outlier among
normally distributed data. It
complements the distribution and
control charts for detecting and

assessing such outliers.
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Script

The script used to run this analysis can
be downloaded from www.jmp.com
by clicking Downloads > JMP Script
Library > Grubbs Outlier Test.

Clear Globals();

dlg = Column Dialog(
yCol = Col List( "Y, Data",
Data Type( Numeric ),

Min Col(1),
Max Co1(1)
)l
Line Up( 2,

"Significance", a = Edit
Number( 0.05 )

)7

"Select data for outlier
test"
)
If( dlg["Button"] == -1, Throw(

"User cancelled" ) );
Remove From( dlg ); Eval List(
dlg J;

dt = current data table();
yCol = Column( yCol1[1] );

dist = Distribution(
Continuous Distribution(
Column( yCol ),
Quantiles(l),
Moments (1),
Normal Quantile Plot(1)
)

);
yVal = yCol << Get As Matrix;
n = N Row( yval );

// save current selection.

r0 = dt << Get Selected Rows;
// find excluded rows.

dt << Select Excluded;

rl = dt << Get Selected Rows;
dt << Clear Select;

//deleted excluded data, in
reverse order.

r2 =31Cn, 1, 1);

r2[rl] = 0;

yval = yVal[Loc(r2)];

// restore original selection.
IfC N Row( r0 ),

For( i=1, i<=N Row( r0 ),
4+,

Selected( Row State(

rofil > ) = 1;

)
H
yRes = yVal - Mean( yval );
g = Maximum(Abs( yRes) ) / Std
Dev(yVal);
t0 = Abs( t Quantile( a/(2*n),
n-2) J;
g0 = ((n-1)/5grt(n)) * Sqrt(
t0A2 / (n - 2 + t0A2) );
p=2%*n%*(1l-tDistribution(
Sqrt( gA2*(2-n)/(2+gA2-1/n-n) ),
n-2));
distr = dist << Report;
distr[Outline Box(2)] << Append(

OutTine Box( "Grubbs' OQut-
Tier Test",
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TabTe Box(

String Col Box( "Sta-
tistic", {"G", "G("||CharC2)|]|"™)",
"p>|G"} ),

Number Col Box( "Esti-
mate", Matrix( {g, g0, p} ) )

Text Box(
If(C g>90,
"Outlier detected",
"No outlier detected"

)

)
)
distr["Quantiles"] << Close;
distr["Moments"] << Close;

Look for JMP at
these Conferences
and Trade Shows

Oct. 26-28, South Central SAS

2003 User’s Group
(SCSUQG) in
Houston, TX

Nov. 5-7, Western Users of

2003 SAS Software
(WUSS) in San

Francisco, CA

Nov. 16-19,  Southeast Regional

2003 Meeting of the
American Chemical
Society (SERMACS)
in Atlanta, GA

Case Study

Applying Benford’s Law

Meredith Blackwelder, JMP Development

In 1881, an astronomer named Simon Newcomb examined logarithm tables and
noticed that the first pages of the book—pages containing logarithms that begin
with the digit one—were worn more than the remaining pages. In 1938, a
physicist at the General Electric Company named Frank Benford saw same
phenomenon. He took it a step further and analyzed 20,229 sets of numbers,
including baseball statistics, numbers in magazine articles, the areas of rivers, and
the street addresses of the first 342 people in the book American Men of Science. He
found that although all unrelated, the same first-digit probability pattern he found
in the worn pages of logarithm tables was present in all the sets of numbers he
investigated. He discovered that the number one was the first digit about 30

percent of the time, more often than any other.

Named after Frank Benford, Benford's Law states that if you randomly select a
number (which must somehow be socially or naturally related to all the other
numbers under investigation—Benford's Law does not apply to uniform
distributions), the probability that the first digit will be a one is about 30%.
Furthermore, the probability that the first digit will be a two is about 18%, a three
is 12%, a four is 9%, etc.

Without knowing about Benford’s Law, you might expect the first digit of
laboratory data to be uniformly distributed. However, Benford’s Law shows that

these digits follow an unusual and asymmetric distribution (Bogomolny, 2003).

To illustrate Benford’s Law in JMP, first open a data table that contains socially-
or naturally-related numbers, such as those shown in Figure 17. The data table
shown in Figure 18 contains house numbers of 14,399 registered voters in Wake
County, North Carolina. You can find the data at http://msweb03.co.wake.nc.us/
bordelec/Waves/WavesOptions.asp.

& YoterRegDB
e e e e
(=% oterRegDB .= House
=) Mumber First Digit
1 106 1
(wColumns (240) 2 1224 1
House Number 3 111 1
First Digit [ 4 203 2
5 204 2
(= Rows g 5523 5
Al Rowes 14399 v 404 4
Selected 1] g 500 5
Excluded 1] 9 401 4
Hiclclen 1] 10 637 B
Labelled 1] 11 109 1
12 72 7

Figure 18: House number data

(continuned on page 10)
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(continued from page 9)

Note that the First Digit column in
Figure 18 contains a formula that

automatically

retrieves the first digit of the house
numbers and inserts them into the

column.
The formula is:

Num(Substr(Char(Abs( :House
Number)), 1, 1))

To graph the house number’s first
digits to see if they are consistent with
Benford’s Law, select Analyze >
Distribution and set First Digits as the Y
column. The report in Figure 19
shows the distribution of first digit
numbers. You can see that the
distribution is indeed consistent with

Benford’s Law.

9[@ Distributions l
¥ = First Digit |

)

= R W & M oMo

Figure 19: Distribution of first digits

However, if you run a distribution on
numbers that are manually entered at
random into a data table, such as those
in Figure 20, the distribution pattern
will be inconsistent with Benford’s
Law. The data and script used to run
this analysis can be downloaded from

www.jmp.com by clicking Downloads

> JMP Script Library > Benford’s Law.

‘;’[@ Distributions ]
¥| = First Digit ]

O = kW & th 0 W

Figure 20: Random numbers entered
manually don’t produce a distribution
consistent with Benford’s Law

As a real-world example, investigators
have used Benford’s Law most
recently for determining the strength
of evidence of fraudulent data. It is
used as a tool to raise red flags at
potential frauds, embezzlers, tax
evaders, sloppy accountants, and even
computer bugs. Income tax agencies,
including those for the state of
California, as well as large
corporations and accounting houses,
use fraud detection software based on
Benford's Law.

Mark Nigrini from Southern
Methodist University is a pioneer of
applying Benford’s Law to tax evasion
and other fraud detection (Nigrini and
Mittermaier, 1997). He uses a system
where he looks at a tax return (which,
at its lowest level, contains a set of
data), and he compares the numbers
with the frequencies and ratios
predicted by Benford’s Law:. If the data
match Benford’s Law’s predictions, the
data are probably honest. However, if

he can graph the numbers and see

discrepancies between their patterns
and those predicted by Benford’s Law,
he calls for further investigation.

(Niigrini, 2000)

According to Malcolm Browne’s
article in The New York Times (1998), in
one test alone, Nigrini correctly
identified seven cases as “involving
probably fraud” for Robert Burton,
the chief financial investigator for the
Brooklyn District Attorney, yet he
warns that the fit of number sets with

Benford's Law is not infallible.
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Tips and Techniques

Predicting Patterns in Child Genders: What’s the Chance?

Lee Creighton, JMP Development

How would you answer the following

problem?

Suppose that couples who wanted
children were to continue having chil-
dren until a boy is born. Assuming that
each newborn child is equally likely to
be a boy or a gitl, would this behavior
change the proportion of boys in the
population?

This question was posed to readers of
American Statistician, and many
answered incorrectly. You can use JMP
to create a simulation to estimate the
long-run proportion of boys in the
population if families were to continue
to have children until they have a boy.
This proportion is an estimate of the
probability that a randomly selected
child from this population is a boy.
Note that every sibling group would

have exactly one boy.

To create this simulation in JMP, you

can use the Random Integer function
to generate numbers from either 1 or
2. The value 1 represents a male birth.
If the birth is not a boy, select another

random number until a boy is born.

To accomplish this simulation, we

need a data table to store our results.

1. Create a new data table with a single
column, called Children, and open
the formula editor. The formula
editor that appears is normally used
to enter formulas using point-and-

click menus and buttons. However,

you can actually enter scripts into

the formula editor as well.

2. Double-click in the editing area
where you see no formula. This
changes the formula editor into text
editing mode for typing formulas

rather clicking to generate them.

3. Type in the following short pro-
gram. However, when you enter it,
place it all on one line—the sepa-
rate lines here are so that the pro-
gram can be easily explained.

t Random Integer(2);
n 1;

While(t == 2,

t = Random Integer(2);
n++);;

n;

Here’s what the program does:

* The first line picks a random num-

ber: either 1 or 2.

* The second line initializes a counter
(named 7) to hold the number of
times we had to pick the random
number, until the value 1 (male

birth) appears.

* The third line begins a while loop.
The condition it checks is that the
random number is equal to 2. If the
number is equal to 2, another ran-
dom integer is picked and the
counter (#) is increased by one. This
process continues until the value 1

(male birth) appears.

* Thelastline, containing only an 7, is
the number thatis placed in the data

table column.

When you’ve returned to the data
table, add 100 rows to the table by
selecting Rows > Add Rows. Now your
data table is filled with 100 instances of

the simulation. Note: Your table and
graph will probably have different
numbers than the one pictured here.

That’s randomness!

We now want to discover the
proportion of these births that are
male. Because of the way we set up the
simulation, we know that there’s only
one male birth represented in each
row. So, the proportion we are
interested in is the number of rows in
the data table (representing the
number of males) divided by the total
of the Children column (representing
the number of total births).

To keep a running total of this
proportion, add another column to

the data table, with a formula:
1. Select Cols > New Column.

2. Name the column Proportion.

3. Click New Property and select
Formula.

4. Enter the following formula.

Rowl( ]
Rowl |
Children;

i=1

Your data table should now look like

the one in Figure 21.
B Childrenwith2
e S
= Childrenith2 ¢ =
= Children Proportion
1 1 1
(wColumns (240) 2 4 0.4
Children & 4| 033333333
Proportion 4 1 0.4
5 2| 041666667
g 4 0.375
= Rows 7 1| 041176471

Figure 21: Data table with two columns

(continued on page 12)
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(continued from page 11)

You can now construct an overlay plot

to show the series’ long-term behavior.
1. Select Graph > Overlay Plot.

2. Select Proportion and click the Y but-
ton, then click OK.

3. Click the title bar’s red triangle icon

and select Connect Thru Missing.

Surprisingly, the proportion of males
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Thus, couples who continue having
children until a boy is born would not
change the proportion of boys in the

population.

Note: This column is inspired by a
problem in Peck, Olsen, and Devore
Statistics and Data Analysis, Duxbury
Press: Belmont, CA.

For more information on JMP
1-877-594-6567

WwWw.jmp.com

Copyright 2003, SAS Institute. All rights reserved. SAS,
JMP, JMPer Cable, and all other SAS Institute Inc.
product or service names are registered trademarks or
trademarks of SAS Institute Inc. in the USA and other
countries.® indicates registration. Other brand and
product names are trademarks of their respective
companies.



