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wEPA Continuous Data

Description

Example
Endpoints

Model Inputs

*Response is measured on a continuous spectrum

* Response is a numerical value with a measure of variability (i.e.,
standard error or standard deviation)

* Response can either increase or decrease with dose

* Body weight
* Organ weight
* Enzyme Activity

* Dose

* Number of Subjects

* Mean response (per dose group) OR individual animal responses

* A measure of variability in response
o Standard deviation (SD) needed for modeling purposes
o Variability reported as standard error must be converted to SD
o SD automatically calculated when inputing individual responses



wEPA .. Example of Continuous Data

Hill Model with 0.95 Confidence Level
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<EPA .. BMD Analysis - Six Steps

1. Choose BMR(s) and dose metrics to evaluate.

Have all models & RS Data not
model parameters amenable for BMD
been considered? modeling

2. Select the set of appropriate models, set
parameter options, and run models

3. Do any models adequately fit the data?

4. Estimate BMDs and BMDLs for the adequate models. Use lowest reasonable
Are they sufficiently close? BMDL

5. Is one model better than the others considering best fit Consider combining
and least complexity (i.e., lowest AIC)? BMDs (or BMDLs)

Use BMD (or BMDL) from the model with the lowest AIC

6. Document the BMD analysis, including uncertainties, as outlined in reporting requirements.




Select a Benchmark Response

BMR should be near the low end of the range of increases risks that
can be detected by a bioassay

* Continuous endpoints also have measurement detection limits

BMRs that are too low can impart high model dependence in
BMD/BMDL estimates due to different model shapes in the extreme
low dose areas

Continuous models have multiple types of BMRs to choose from



wEPA Continuous BMR Types

BMR Type BMR Calculation

Relative Deviation: BMR = mean, + (BMRF x mean,)

Absolute Deviation: BMR = mean, + BMRF

BMR,, = mean,+ BMRF x (mean,,, - mean,)

Extra (Hill only):
BMR,n = Mean, - BMRF x (mean, - mean,,;,)

Where:
mean, = Modeled mean response at control dose
SD, = Modeled standard deviation at control dose
BMRF = BMR factor (user input used to define BMR)
mean = Maximum mean response in dataset

max
mean,,. = Minimum mean response in dataset



P Why Use SD as the BMD for
EPA Continuous Data?

Preferred approach is to select a BMR that corresponds to a level
change that represents a minimal biologically significant response (i.e.,
10% decrease in body weight)

In the absence of a biological consideration,a BMR of a change in the
mean equal to one control standard deviation (1.0 SD) from the
control mean is recommended.

In some situations, use of different BMRs is supported

*  For more severe effects,a BMR of 0.5 SD can be used

* Results for a | SD BMR should always be shown for comparison when using different
BMRs.



P Why Use SD as the BMR for
EPA Continuous Data?

*  For a continuous endpoint in a normally distributed population, if

* 1.4% of the animals in the control group are assumed to have an “abnormal
response,’ a change in the mean response by one standard deviation will result in
0% of the animals reaching the abnormal response level (Crump, 1995)

* This response in 10% of the animals is comparable to the 10% BMR used in
dichotomous data modeling

* NOTE:This assumes a simple shift in a normal distribution. Some
toxicity responses may not behave this way



. Why Use SD as the BMD for
EPA . Continuous Data?

Probability
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o Double-checking Control Grou
vEPA SD . P

If using the control group’s SD as the BMR, it is vitally important to
make sure that the model-estimated SD approximates the reported

SD

The model-estimated SD is used for determination of the BMD

If the model-estimated SD does not approximate the reported SD,
then the BMD could be misspecified



<EPA

Double-checking Control
Group SD

£ BMDS 2.4 [Build: 04/01/2013] - [hil_Centinuous3_Opt.emf] [=][= ][ =]
of File Edit View Tools Windows Help - 8 x

DD HS = @y W

HIll Model. with BMR of1 Std. Dev. for the BMD and 0.55 Lower Gonfidence Limit for the BMDL

Hl

Mean Response

Est Mean Obs 5td Dev Est S5td Dev Scaled Ees.

Model Descriptions £ likelihoods caleculated
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Var{e(ij)} Sigma~2

wrs o

Image file successfully drawn! Num Lock




Using Relative Deviation as the
BMR Type

If using Relative Deviation (RD), the response associated with the
BMR is based on some percentage (i.e., 10%) of the model-estimated
control mean

An example of this is the assumption that a 10% decrease in body
weight is an adverse response. Thus, when modeling body weight, the
standard BMR would be 10% RD.

As when using RD as the basis for the BMR, the user must check that
the model-estimated control mean approximates the observed
control means; if not, the BMD could be misspecified



£ The Hybrid Approach for
SEPA Calculating a BMD

* The “hybrid approach” is an alternative method for selecting a BMR
in order to calculate a BMD for continuous data

* Using the hybrid approach, risk is expressed in the same manner as
with dichotomous models - as added or extra risk.

*  Two parameters must be selected by the user:

*  The benchmark response (BMR) — expressed as either added or extra risk (e.g., |0%
extra risk)

* The background rate (i.e., probability) of an adverse response in the control group



£ The Hybrid Approach -
SEPA Selecting the BMR

As with dichotomous models, EPA recommends the use of extra risk
as this accounts for the presence of background responses

10% extra risk would be expressed as:

0.10 = [P(d) — P(0)] / [1- P(0)]
If P(0) = 0.01 (i.e., there is a 1% probability of adversity in the control group)
P(d) = (0.10 x [I1 — P(0)]) + P(0) = (0.1 x 0.99) + 0.01 =0.109

Therefore, we are interested in the dose that results in 10.9% of
subjects exhibiting an adverse response



S EPA The Hybrid Approach -
E Selecting the Background Rate

Next, the background rate of adverse response in the control group
must be selected, in this example, we’ve chosen 1%

The model will calculate the cut-off values in the control group
distribution that correspond to this background rate

0.3 -
0.25 -
0.2 -
0.15 -

0.1 -

Background

005 . response =1%




S EPA The Hybrid Approach -
\7 Selecting the Background Rate

Given our selection of a BMR of 10% extra risk AND a background
rate of 1% for adverse responses in the control group the model will
calculate the dose that corresponds to a shift in the mean that results
in 10.9% of the animals falling beyond the control group cut-off values
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wEPA . BMD Analysis - Six Steps

E— —

START

1. Choose BMR(s) and dose metrics to evaluate.

2. Select the set of appropriate models, set
parameter options, and run models

Have all models & RS Data not
model parameters amenable for BMD
been considered? modeling

3. Do any models adequately fit the data?

4. Estimate BMDs and BMDLs for the adequate models. Use lowest reasonable
Are they sufficiently close? BMDL

5. Is one model better than the others considering best fit Consider combining
and least complexity (i.e., lowest AIC)? BMDs (or BMDLs)

Use BMD (or BMDL) from the model with the lowest AIC

6. Document the BMD analysis, including uncertainties, as outlined in reporting requirements.




<EPA
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Selection of a Specific Model

Biological
Interpretation

Policy Decision

Can use the Hill or Exponential models for receptor-mediated
responses

U.S. EPA’s OPP program uses the exponential models for modeling
acetylcholinesterase inhibition data

However, in the absence of biological or policy-driven considerations,
criteria for final model selection are usually based on whether various
models mathematically describe the data



wEPA Continuous Model Forms

Model Name Functional Form # of Parameters

All purpose, can fit non-

Polynomial? BO + ﬁlx + ﬁZXZ + ...+ ﬁan 1+n symmetrical S-shaped datasets

with plateaus

Power 14 + ﬁXcD 3 L-shaped
n
Hill % + (v X X ) 4 Symmetrical, sigmoidal,
(k™ + X™) S-shape with plateau
iqlb
Fibeteets e | &2 exp{£l X b x X} . All purpose (Models 2 & 3)
o€ T a Xex {+£1 x (b x X)%} Symmetrical and
Model 3 Pt 3 : :
Modela @ X [c— (c—1) xexp{+1xb x X} 3 asymmetrical S-shape with
Model5 a X [c — (c — 1) x exp{+1 x (b x X)?}] 4 PR (QaeEEln Al ¢ &)

2 The stand-alone Linear model in BMDS is equal to a first-order polynomial model
b Nested family of 4 related models described by Slob (2002) and included in the PROAST software of RIVM
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Hill and Exponential Models -
Data with Plateaus

Hill Model with 0.95 Confidence Level
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- R Exponential Models are
wEPA P

‘“Nested”

& BMDS 2.4 [Build: 04/01/2013] - [C:\Users\adavis10\BMD52404 Data' exp_Continuous3_Setting.out]
Pl File Edit View Tools Windows Help

No WS =

[=@]=]

- F X

1

File  Edit Preferences

Exponential Model. (Versiom: 1.9; Date: 01/25/2013)
Input Data File: C:/Users/adavisl0/BMDS5240/Data/exp_Continucus3_Setting. (d)
Gnuplot Plotting File:

Mon RApr 14 12:37:08 2014

BMDS Model Run

The form of the response function by Model:

Model 2: ¥[dose] = a * exp{sign * b * dose}

Model 3: T[dose] = & * exp{zign * (b * dose)~d}
Model 4: Y¥[dose] = a * [c-{c-1) * exp{-b * dose}]
Model 5: T[dose] = & * [c-({c-1) * exp{-(b * dose)~d}]

Hote: Y[dose] is the median response for exposure = dose;
3ign = +1 for increasing trend in data;
3ign = -1 for decreasing trend.

Model 2 is nested within Models 3 and 4.
Model 3 is nested within Model 5.
Model 4 is nested within Model 5.

Dependent variazkle = Mean

Independent wariable = Dose

Data are assumed to be distributed: normally
Variance Model: exp{lnalpha +rho *1n{Y¥[dcose]))
rho is set to 0.

A constant variance model is fit.

Total number of dose groups = 5

Total number of records with missing walues = 0
Maximum number of iterations = 500

Relative Function Convergence has been set to: le-008
Parameter Convergence has been set to: le-008

=

Image file successfully drawn!

I Mum Lock i
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- AN Exponential Models are
wvEPA © “Npested”

axexp{tlxbxX}

| 2

B

ax exp{£1 x (b xX)d4}

|3

aX[c-(c-1)xexp{-1XbxX}]

-

e

axX[c-(c-1)xexp{-1x (bxX)}]

i
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Exponential Models — Log-
wEPA > 8

normality

* Data can be assumed to be lognormally distributed when using the
Exponential models

This reflects the distribution of the data per se, not how the modeling is done

Many biological parameters are lognormally distributed; a lognormal distribution is
also useful to consider whenever responses are constrained to be positive

Eventually, lognormal distribution option will be added to other continuous models

Modeling gives an approximate maximum likelihood estimate for summary data
(observed means and SD)

24



n Consideration of Standard
SEPA Deviation and Log-normality

The SD is homogenous on a log-scale when within dose-group
variance is proportional to the mean response

However, an extra parameter is needed to model the within dose-
group variance if normality is assumed

Sometimes, the extra parameter can have significant impact on the
BMD estimation if the ““Hybrid”’ approach is used (Shao et al., 2013)

25



o Exponential Models - Log-
SEPA normality

Hill Model Quadratic Model
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\9’ EPA Normality vs. Log-normality -

Difference in BMDs and BMDLs

Ratio of EMD/EMDL Estimates

Ratio of EMD/EMDL Estimates

Ratios of EMD and BMDL Estimates from Quadratic Model using 5%(left) and 10%(right) Relative Deviation
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S EPA Restricting Parameters in
\s Continuous Models

Model parameters (i.e., slope, background response, etc.) can be
bounded to prevent biologically implausible results

* Bounding model parameters restricts the shape the dose-response curve can assume

These restrictions can impact statistical calculations such as the
goodness-of-fit p-value and AIC

* Currently,a parameter estimate that “hits a bound” impacts a model’s degrees of

freedom (DF) (in BMDS, DF is increased by 1)

*  When a parameter hits a bound, that parameter is not counted towards the AIC
penalization (EPA’s Statistical Working Group may modify this approach in the future)
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S EPA Restricting Continuous Models
SE - EPA Recommendations

User-specified Parameter Restrictions

Polynomial coefficients — restrict to positive or negative
* Power and slope terms — restrict to be | or greater

* Background - do not set to zero unless biologically justifiable

Other Modeling Options

Threshold parameter - currently not recommended as the parameter can be
misconstrued to have more biological meaning than appropriate

Multivariate Modeling — currently not available in any continuous models in
BMDS, other software packages (i.e., PROAST) can consider covariates for all data
types

29



\"‘;EPA Exponential Model Restrictions

*  The Exponential Models have built-in restrictions that cannot be
changed

* Background Response (a term) >0
* Slope (b term) >0

* Asymptote (Models 4 and 5 only, c term) > | (increasing response) OR > 0 and
< | (decreasing response)

* Power (Models 3 and 5 only,d term) >1|

30
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wEPA . BMD Analysis - Six Steps

E—

START

1. Choose BMR(s) and dose metrics to evaluate.

Have all models & RS Data not
model parameters amenable for BMD
been considered? modeling

2. Select the set of appropriate models, set
parameter options, and run models

3. Do any models adequately fit the data?

Yes

4. Estimate BMDs and BMDLs for the adequate models. No Use lowest reasonable
Are they sufficiently close? BMDL

5. Is one model better than the others considering best fit Consider combining
and least complexity (i.e., lowest AIC)? BMDs (or BMDLs)

Use BMD (or BMDL) from the model with the lowest AIC

6. Document the BMD analysis, including uncertainties, as outlined in reporting requirements.
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SEPA |

Dose the Model Fit the Data?

*  For continuous data:

* Tests of interest (responselvariance modeling)
> Global measurement: goodness-of-fit p value (p > 0.1)
* Local measurement: Scaled residuals (absolute value < 2.0)

* Visual inspection of model fitting.

32



o EPA Tests of Interest — Differences
\s in Responses/Variances

* Test | — Do responses and/or variances differ among dose levels?

Hill Model with 0.95 Confidence Level

e | | - | The p-value for Test 1 is less than .05.

e 1 There appears to be a

-l | difference between response and/or
e S 1 variances among the dose levels. It
g | seems appropriate to model the data

BMDL , | BMD . . . . . .
0 50 100 150 200 250 300

11:10 03/04 2010

1.66

The p-value for Test 1 is greater than
o 1 .05. There may not be a
w || | . difference between responses
e Jr// i and/or variances among the dose
R 1 i levels. Modeling the data with a

e | dose/response curve may not be
T { appropriate

0 50 100 150 200 250 300

1.65

1.6

11:18 03/04 2010



< EPA Tests of Interest —Variance

In the current version BMDS, the distribution of continuous measures
is assumed to be normal, with either a constant (homogenous)
variance or a variance that changes as a power function of the mean

value

* Var(i) = a[mean(i)]°
* p(rho) = 0, constant variance

* p(rho) # 0, modeled variance

Test 2 — Are variances homogenous?

Test 3 — Are variances adequately modeled?

Always assume constant variance unless data clearly indicate
otherwise
34



SEPA

Tests of Interest - Variance

Continuous data modeled with assumed constant variance

e

j hil_cont_constant_Opt.out - Motepad
File Edit Format WYiew Help
Explanation of Tests

Test 1: Do responses and/or wvariances differ among Dose Tevels?
F e Y Dy

Test 2: Are vVariances Homogeneous? (Al ws AZ) I

. L% A W T e e -
Test 4: Does the Model for the Mean Fit? (A3 wvs. fitted)

{(Note: when rho=0 the results of Test 2 and Test 2 will be the same.)

Tests of Interest

Test -2*%7og(Likelihood Ratio) Test df p-value
Toot 1 e = 000N 7 0ne
ITEST_ 2 1.06375 4 D.SJ
=L = [ W LS [ TV | =+ e
Test 4 0.489269 2 0.783

The p-value for Test 1 is Tless than .05. There appears to be a
difference between response and/or variances among the dose Tlevels
It seems appropriate to model the data

he p-wvalue for Test 2 is greater than .1. A homogeneous wvariance
model appears to be appropriate here

The p-value for Test 3 is greater than .1. The modeled wvariance appears
to be appropriate here

The p-wvalue for Test 4 is greater than .1. The model chosen seems
to adequately describe the data

o

m

Variance has been modeled appropriately in this case.
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wEPA Tests of Interest - Variance

Continuous data modeled with assumed constant variance

e

j hil_cent_nonconstant_Opt.out - Motepad EI@

File Edit Format WYiew Help

Explanation of Tests

Test 1: Do responses and/or variances differ among Dose lewvels?
ol e Y~ Dy

Test 2: Are variances Homogeneous? (Al vs AZ) I
. L% B W - T o ey
Test 4: Does the Mmodel for the Mean Fit? (A3 vs. Titted)
(NoTe: Wwhen rho=0 the results of Test 3 and Test 2 will be the same.)

Tests of Interest

Test -2%log(Likelihood Ratio) Test df p-value
T 22 _ar7h 2] 0._on

|Test 2 8.86135 4 0. 06466
2L = (== L0 B ) =+ [P T L L]

Test 4 0.234903 2 0. 8892

The p-value for Test 1 is less than .05. There appears to be a
difference between response and/or variances among the dose levels
IT seems appropriate to model the data

he ﬁ—va1ue for Test 2 is less than .1. Consider running a
non-nomogeneous variance model

The p-wvalue for Test 3 is Tless than .1. You may want to consider a
different variance model

The p-wvalue for Test 4 is greater than .1. The model chosen seems
to adequately describe the data

|Z|| Tl |

m

Variance not modeled appropriately. Use the power variance model.
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SEPA

Tests of Interest - Variance

Continuous data with variance modeled as power function of mean

e

j hil_cent_nonconstant2_Opt.out - Notepad
File Edit Format WYiew Help
Explanation of Tests

Test 1: Do responses and/or variances differ among Dose lewvels?
(A2 vs. R)

- ous? fal e Az
est 3: Are variances adequately modeled? (a2 wvs.

2 ),
(NoTe: Wwhen rho=0 the results of Test 3 and Test 2 will be the same. )

Tests of Interest

Test -2%log(Likelihood Ratio) Test df p-value
Test 1 22,9676 8 0.003408
Tocot a2 !D!E'i 2 C .| i T |

[Test 3 0.197512 3 0.978
Test & U- 137688 T U713

The p-value for Test 1 is less than .05. There appears to be a
difference between response and/or variances among the dose levels
IT seems appropriate to model the data

The p-value for Test 2 is less than .1. A non-homogeneous wvariance
model appears to be appropriate

The p-value for Test 3 is greater than .1. The modeled wvariance appears
to be appropriate here

The p-wvalue for Test 4 is greater than .1. The model chosen seems
to adequately describe the data

m

4 | 10}

Variance has been modeled appropriately in this case.
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wEPA Tests of Interest - Variance

e

Continuous data with variance modeled as power function of mean

j hil_cont_bad_Opt.out - Notepad EI@

File Edit Format WYiew Help

Explanation of Tests

Test 1: Do responses and/or variances differ among Dose lewvels?
a2 e B

Test 2: Are variances Homogeneous? (Al vs AZ)

Test 3: Are variances adeguately modeled? (A2 wvs. A3

: : . 2cl)
(NoTe: Wwhen rho=0 the results of Test 3 and Test 2 will be the same.)

Tests of Interest

Test -2%log(Likelihood Ratio) Test df p-value
Test 1 71, BR79 & = 0001
Test 2 41.0241 4 <. 0001
Test 3 11.9065 3 0.00771
| =50 B 2 A s = ] 4L LSV e N

The p-value for Test 1 is less than .05. There appears to be a
difference between response and/or variances among the dose levels
IT seems appropriate to model the data

The p-value for Test 2 is less than .1. A non-homogeneous wvariance
model appears to be appropriate

The p-wvalue for Test 3 is Tless than .1. You may want to consider a
different variance model

The q—va1ue for Test 4 is less than .1. You may want to try a different
mode

4 | 1

m

Variance not modeled appropriately. Can’t model this data with BMDS
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wEPA Does the Model Fit the Data?

*  For continuous data:

Tests of interest (response/variance modeling)
Global measurement: goodness-of-fit p value (p > 0.1)

Local measurement: Scaled residuals (absolute value < 2.0)
* Visual inspection of model fitting.

39



\Q’EPA Global Goodness-of-Fit (Test 4)

BMDS provides a p-value to measure global goodness-of-fit

Measures how model-predicted dose-group response means differ from the actual
response means

Small values indicate poor fit
Recommended cut-off value is p = 0.10

For models selected a priori due to biological or policy preferences (e.g., Exponential
models for acetylcholinesterase data), a cut-off value of p = 0.05 can alternatively be
used

40



Global Goodness-of-Fit (Test 4)

ﬁ hil_cont_constant_Opt.out - Motepad
File Edit Format WYiew Help

Explanation of Tests

Test 1: Do responses and/or variances differ among Dose Tevels?T
(A2 vs. R)
Test 2: Are variances Homogeneous? (Al vs AZ)

poes the Mmodel for the Mean Fit? (a3 vs. Titted)

2e The same.)

Tests of Interest

Test -2%7og(Likelihood Ratio) Test df p-value
Test 1 27.022 8 0. 0007008
Test 2 1.06375 4 0.9
= =SS =5 ==
r$E5t 4 0.489269 2 0.783

The p-value for Test 1 is less than .05. There appears to be a
difference between response and/or variances among the dose levels
It seems appropriate to model the data

The E—va1ue for Test 2 is greater than .1. A homogeneous variance
model appears to be appropriate here

The p-wvalue for Test 3 is greater than .1. The modeled wariance appears
to be appropriate here

The p-wvalue for Test 4 is greater than .1. The model chosen seems
to adequately describe the data

L |

m
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S EPA Modeling Recommendations -
\ Y4 Poor Global Goodness-of-Fit

Consider dropping high dose group(s) that negatively impact low dose
fit

Don’t drop doses solely to improve fit

To model a high dose “plateau’ consider using a Hill or other models
that contain an asymptote term

Use PBPK models if available to calculate internal dose metrics that
may facilitate better model fitting

42



o Example |:When Not to Drop
< EPA \ the High Dose

Hill Model, with BMR of 1 Std. Dev. for the BMD and 0.95 Lower Confidence Limit for the BMDL
Dose \ 7 T v|_~”~” ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ =
(mg/m3)

---- " {\ Assuming Constant Variance

20 5.2 1. S Test 2, p=0.7984
. Test 3, p=0.7984
Test 4, p=0.3904

20 1.1

---- 2

Mean Response

11:21 04/11 2014
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o Example |:When to Drop the
wEPA \ High Dose

Hill Model, with BMR of 1 Std. Dev. for the BMD and 0.95 Lower Confidence Limit for the BMDL
Dose \ 7 Vuwwhm ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ T
(mg/m3)

I

Assuming Constant Variance

S IS > Test 2, p = 0.8081
---- ™ Test 3, p = 0.8081
20 11 0.9 d% Test 4, p = 0.0152
= 3
---- :

w0 wsoem {

-
1 j
0
BMDL I BMD,
0 50 100 150 200 250 300 350 400
dose

11:24 04/11 2014
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SEPA \_

=t
(mg/m3)

20 5.2 1.
20 1.1 0.9

Example |:When to Drop the
High Dose

Hill Model, with BMR of 1 Std. Dev. for the BMD and 0.95 Lower Confidence Limit for the BMDL

7 F T o T T T T T T T T T T T T T T T T T T T T -

Assuming Constant Variance

Mean Response

‘‘‘‘‘

Test 2, p =0.6998
Test 3, p = 0.6998
Test 4, p = 0.5493

“““““““““““““““““““““

11:27 04/11 2014
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o Example |:When to Drop the
EPA High Dose

Hill Model, with BMR of 1 Std. Dev. for the BMD and 0.95 Lower Confidence Limit for the BMDL

Assuming Constant Variance

20 5.2 1. S Test 2, p = 0.0023
Test 3, p =0.0023
Test4,p=0.3414

20 1.1

Mean Response

11:35 04/11 2014
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o Example |:When to Drop the
wEPA \ High Dose

Hill Model, with BMR of 1 Std. Dev. for the BMD and 0.95 Lower Confidence Limit for the BMDL
Dose \ 7 T v|_~”~” ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ T
(mg/m3)

---- T }\ Modeling Variance

. L S Test 2, p = 0.0023
---- - Test 3, p = 0.0075
20 1.1 0.9 ; Test 4, p = 0.0799
= 3
---- :

11:46 04/11 2014

47



SEPA \_

=t
(mg/m3)

20 5.2 1.
20 1.1 0.9

Example |:When to Drop the
High Dose

Hill Model, with BMR of 1 Std. Dev. for the BMD and 0.95 Lower Confidence Limit for the BMDL

7 F T o T T T T T T T T T T T T T T T T T T T T -

Assuming Constant Variance

Mean Response

‘‘‘‘‘

Test 2, p =0.6998
Test 3, p = 0.6998
Test 4, p = 0.5493

“““““““““““““““““““““

11:27 04/11 2014
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o EPA Further Recommmendations -
) Y4 Poor Global Goodness-of-Fit

* Log-transformation of doses

* Consult a statistician to determine if log-transformation is appropriate, special care
often needs to be taken with the control dose (i.e., log,,(0) is undefined)

* Both log,, and log, transformations are available in BMDS

*  PBPK modeling can be very useful for BMD modeling

* For highly supralinear curves, use of internal dose metrics may be helpful, especially in
cases of metabolic saturation (e.g., dose-response shape will be linearized)

* If one particular dose metric fits the response data more closely, this may be an
indication that this dose metric is the metric of interest (i.e., C__, vs.AUC)
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PBPK Models and BMD
Modeling

Care must be taken when performing BMD analyses with PBPK
model-derived estimates of internal dose

Most important question: Is the relationship between external and
internal dose metrics linear across all doses?

If yes, then it does not matter when BMD modeling occurs

* Can model external doses and then convert BMDs and BMDLs to internal doses
(often advantageous if PBPK model is constantly updated or changed)

If no, then BMD analysis must be conducted using the internal dose
metrics of interest
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wEPA Does the Model Fit the Data?

*  For continuous data:

* Tests of interest (response/variance modeling)

> Global measurement: goodness-of-fit p value (p > 0.1)

* Local measurement: Scaled residuals (absolute value < 2.0)
* Visual inspection of model fitting.
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= Scaled Residuals

Global goodness-of-fit p-values are not enough to assess local fit

* Models with large p-values may consistently “miss the data” (e.g., always on one side
of the dose-group means)

*  Models may “fit” the wrong (e.g. high-dose) region of the dose-response curve.

Scaled Residuals — measure of how closely the model fits the data at
each point; 0 = exact fit

Obs Mean —ESst Mean
Est SD
Vn

* Absolute values near the BMR should be lowest

*  Question scaled residuals with absolute value > 2
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SEPA

Scaled Residuals

E hil_cont_constant_Opt.out - Motepad
File Edit Format WYiew Help

Model Descriptions

Table of pata and

for

Model Al: ¥ij =
Var{e(ﬁj)} =
Model AZ: Yij =
Uar{e(ﬁj)i =
Model AZ: ¥ij =
Uar{e(ﬁj)i =

implied by some dineguality constraint and thus
has no standard error.

Estimated values of Interest

Dose M 0bs Mean EST Mean 0Obs std Dev
0] 10 1.61 1.61 0.12
35 10 1.66 1.66 0.13

105 10 1.75 1.73 0.11

316 10 1.81 1.83 0.15

625 10 1.89 1.88 0.13

Tikelihoods calculated
Mulil) + e(ijd
Sigman2

Mulil) + e(ijd
Sigmail)az

Muli) + e(ijd
Sigman2

Model A3 uses any fixed variance parameters that
were specified by the user

EST

m
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wEPA ' Does the Model Fit the Data?

*  For continuous data:

Tests of interest (response/variance modeling)

Global measurement: goodness-of-fit p value (p > 0.1)

Local measurement: Scaled residuals (absolute value < 2.0)
* Visual inspection of model fitting.
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EPA . Visual Inspection of Model Fit

Hill Model with 0.95 Confidence Level

100 5 Hill ]
80 r ]
60 N ]

Mean Response

a0 | .

Tl

12:57 06/04 2009 55
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wEPA . BMD Analysis - Six Steps

E—

START

1. Choose BMR(s) and dose metrics to evaluate.

Have all models & RGNS Data not

2. Select the set of appropriate models, set
parameter options, and run models

3. Do any models adequately fit the data?

Yes

4. Estimate BMDs and BMDLs for the adequate models. No Use lowest reasonable

Are they sufficiently close? BMDL

Yes

5. Is one model better than the others considering best fit \e] Consider combining
and least complexity (i.e., lowest AIC)? BMDs (or BMDLs)

Yes

Use BMD (or BMDL) from the model with the lowest AIC

\ 4

6. Document the BMD analysis, including uncertainties, as outlined in reporting requirements.

model parameters amenable for BMD
been considered? modeling

\
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o Are BMDL Estimates
<EPA “Sufficiently Close’’?

Often, more than one model or modeling options will result in an
acceptable fit to the data.

Consider using the lowest BMDL if BMDL estimates from acceptable
models are not sufficiently close, indicating model dependence

What is “sufficiently close” can vary based on the needs of the
assessment, but generally should not be more than 3-fold.
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wEPA . BMD Analysis - Six Steps

E—

START

1. Choose BMR(s) and dose metrics to evaluate.

Have all models & RGNS Data not

2. Select the set of appropriate models, set
parameter options, and run models

3. Do any models adequately fit the data?

Yes

4. Estimate BMDs and BMDLs for the adequate models. No Use lowest reasonable

Are they sufficiently close? BMDL

Yes

5. Is one model better than the others considering best fit \e] Consider combining
and least complexity (i.e., lowest AIC)? BMDs (or BMDLs)

Yes

Use BMD (or BMDL) from the model with the lowest AIC

\ 4

6. Document the BMD analysis, including uncertainties, as outlined in reporting requirements.

model parameters amenable for BMD
been considered? modeling

\
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wEPA . BMD Analysis - Six Steps

E—

START

1. Choose BMR(s) and dose metrics to evaluate.

Have all models & RGNS Data not

2. Select the set of appropriate models, set
parameter options, and run models

3. Do any models adequately fit the data?

Yes

4. Estimate BMDs and BMDLs for the adequate models. No Use lowest reasonable

Are they sufficiently close? BMDL

Yes

5. Is one model better than the others considering best fit \[e] Consider combining
and least complexity (i.e., lowest AIC)? BMDs (or BMDLs)

Yes

Use BMD (or BMDL) from the model with the lowest AIC

\
6. Document the BMD analysis, including uncertainties, as outlined in reporting requirements.

/

model parameters amenable for BMD
been considered? modeling

\
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Comparing Model Fit Across
Models

*  Within a family of models (e.g., 2"d degree vs. It degree multistage),
addition of parameters will generally improve fit

* Likelihood ratio tests can determine whether the improvement in fit afforded by
extra parameters is justified

* However, these tests cannot be used to compare models from different families (e.g.,
multistage vs. log-probit)

*  When comparing models from different families,Akaike’s Information
Criterion (AIC) is used to identify the best fitting model (the lower
the AIC, the better)
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Akaike’s Information Criterion

SEPA \ (A

AlIC=-2xLL+2xp

* LL = log-likelihood at the maximum likelihood estimates for parameters

* p = number of model degrees of freedom (dependent on total number of model
parameters, number of model parameters that hit a bound, and the number of dose

groups in your dataset)

Only the DIFFERENCE in AIC is important, not actual value

As a matter of policy, any difference in AIC is considered important.
This prevents ‘“model shopping”

61



\ '

b

wEPA . BMD Analysis - Six Steps

E— —

START

1. Choose BMR(s) and dose metrics to evaluate.

2. Select the set of appropriate models, set
parameter options, and run models

Have all models & RS Data not
model parameters amenable for BMD
been considered? modeling

3. Do any models adequately fit the data?

4. Estimate BMDs and BMDLs for the adequate models. Use lowest reasonable
Are they sufficiently close? BMDL

5. Is one model better than the others considering best fit Consider combining
and least complexity (i.e., lowest AIC)? BMDs (or BMDLs)

Use BMD (or BMDL) from the model with the lowest AIC

6. Document the BMD analysis, including uncertainties, as outlined in reporting requirements.




N

<EPA .. BMD Analysis - Six Steps

— —

START

1. Choose BMR(s) and dose metrics to evaluate.

2. Select the set of appropriate models, set
parameter options, and run models

Have all models & RS Data not
model parameters amenable for BMD
been considered? modeling

3. Do any models adequately fit the data?

4. Estimate BMDs and BMDLs for the adequate models. Use lowest reasonable
Are they sufficiently close? BMDL

5. Is one model better than the others considering best fit Consider combining
and least complexity (i.e., lowest AIC)? BMDs (or BMDLs)

Use BMD (or BMDL) from the model with the lowest AIC

6. Document the BMD analysis, including uncertainties, as outlined in reporting requirements.
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wEPA . BMD Analysis - Six Steps

E—

START

1. Choose BMR(s) and dose metrics to evaluate.

Have all models & RS Data not
model parameters amenable for BMD
been considered? modeling

2. Select the set of appropriate models, set

parameter options, and run models

3. Do any models adequately fit the data?

4. Estimate BMDs and BMDLs for the adequate models. Use lowest reasonable
Are they sufficiently close? BMDL

Yes

5. Is one model better than the others considering best fit \e] Consider combining
and least complexity (i.e., lowest AIC)? BMDs (or BMDLs)

Yes

Use BMD (or BMDL) from the model with the lowest AIC

4
6. Document the BMD analysis, including uncertainties, as outlined in reporting requirements.
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SEPA

Continuous Data — Running an
Individual Model in BMDS
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o | Running an Individual Model -
<EPA Select a Model Type

- BMDS 2.4 [Build: 04/01/2013] - [C:\Users\adavis10\BMDS240\Data\clu_in\.cont_constant.dax] o= |
7l File Edit WView Tools Windows Help - 8 X

Do S| B @ W

File Edit Data Grid

Model Type: ~ v' Model Name: - W _

Dichotomous
Dichotomous_Alternative
Mested_Dichotomous
Rptd_Resp_Measures

— Conc_x_Time

316
625

Ready

95 row(s) added. I Mum Lock -




o Running an Individual Model -
SEPA Select a Model

'_:L?_.:EMDSE.J [Build: 04/01,/2013] - [T Users\adavis1OWBMDS240% Datat clu_intcont_constant.dax] | = || [=] ||iE-
@ File Edit View Tools Windows Help - B X
R=n= = oGy W

File Edit Data Grid

Model Type: |Continuuus ‘r| Model Name: | Hill = @ _

Exponential
Hill

Linear
Polynomial

Power

015

013

Ready

95 row(s) added. Mum Lock




S EPA Running an Individual Model -
\s Proceed to Option Screen

& BMDS 2.4 [Build: 04/01/2013] - [C:\Users\adavis10\BMDS240\Data'\clu_in\cont_constant.dax] o || = | == |
7l File Edit WView Tools Windows Help - 8 X

Do HS B @& W

File Edit Data Grid

Model Type: |Continuuus "| Model Name: Hill - ﬁ _

Ready

95 row(s) added. I Mum Lock -

68



Model Option Screen

5_'?5 BMDS 2.4 [Build: 04/01,/2013] - [New]
o5 File Edit View Tools Windows Help

b = oG

<<Column Assignmenis>.

¥ Subjects in Dose Group
Mean

Std. Deviatron

Response
<<Optimzer Assignmenis>.

<<Parameter Assignmenis>.
Opfions
Default
Rho ||Default  ~|

Intercept || Default |

Adverse Direction || Automatic

BMR Type |Std. Dev.
BMRF
Confidence Level
Constant Variance(Rho=0) ||V
BMD Calculation |/

Restrictn > 7 ||V

[P35 Rl BV DS Model Run

fa=r =7/ C\lsersladavis 100BMDS240\Datalclu_in\cont_constant dax

(o ey e el C\Users\adavis 10 BEMDS240\Datalclu_inthil_cont_constant_Oy

. 1 . F__________________

Hill-= Continuous

95 row(s) added.

Murm Lock
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Selecting Column Assighments

5_'?5 EMDS 2.4 [Build: 04/01,/2013] - [New]
o5 File Edit View Tools Windows Help
=" = oG
<<Column Assignmenis>.
Dose ||Dose -
# Subjects in Dose Group |N v
Mean || Mean -
Std. Dewviation || Std -

AResponse | - |
<<Optimzer Assignmenis>.

<<Parameter Assignmenis>.
Opfions
Default
Rho ||Default -
Intercept m

-

<<Cther Assignmenis=>

Adverse Direction || Automatic N
BMR Type | Std. Dev. -

BMRF 1
Confidence Level
Constant Varance(Rho=0) ||¥
BMD Calculation |/

Restrictn > 7 ||V

 sae B seens ] setvelesTo W Opimize iniial
J—— S ————e—

Hill-= Continuous

95 row(s) added.

oy

Murm Lock
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Selecting Model Options

ﬁ; BMDS 2.4 [Build: 04/01,/2013] - [New]
o5 File Edit View Tools Windows Help

b =" = oG
<<Column Assignmenis>.
Dosze || Dose -
¥ Subjects in Dose Group || N -
Mean || Mean - |[5
Std. Dewviatron || Std -

-

<<Optimzer Assignmenis>.

<<Parameter Assignmenis>.
Opfions
Default
Rho ||Default -
Intercept m

- soe [ saens. ] SetvelesTo
G

Hill-= Continuous

95 row(s) added.

<<Cther Assignmenis=>

Adverse Direction || Automatic N
BMR Type | Std. Dev. -

BMRF
Confidence Level

Response | v| Constant Variance(Rho=0) ||V

BMD Calculation ||V

Restrictn > 7 ||V

Optimize Initial

Murm Lock
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Specifying Model Parameters

Parameters

)

Itercept

Data File:

Hill-= Continuous

95 row(s) added.

£ BMDS 2.4 [Build: 04/01/2013] - [New] o[BS
a5! File Edit View Tools Windows Help - 8 X
A k = oG
<<Column Assignmenis>. <<Cther Assignmenis=>
Dose |Dose "| - Adverse Direction |Automatic v|
# Subjects in Dose Group || N - BMR Type ||Std. Dev. v |
Mean || Mean il BMRF 1
Std. Deviation || Std - Confidence Level 0.95
Response || ||~ Constant Variance(Rho=0) [V

<<Optimzer Assignmenis>. BEMD Caleulation ||V

<<Parameter Assignmenis>.

Default

Default
Specified
Initialized
User Notes- [=[0NEREGSERSOT

Restrictn > 7 ||V

Opfions Values

SetvVauss o

Murm Lock
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<EPA

Dichotomous Model Plot and

Output Files

-

;ﬁ;BMDSlﬂf [Build: 04,/01/2013] - [hil_cont_constant_Opt.emf] [= = | = |
a5 File Edit View Tools Windows Help - 5 X

b =0 = o W

HiIll Model wih BEMM of4 Std. Dev. for the BEMD and .52 Lowsr Confidence Limk for the BMDOL

Hum

ponse

Moon Res

1317 0414 T044

Cllsersiadavis 1TBMDS24 0\ Datal\clu_inthil_cont_constant_Opt.out

Hill Meodel. (Version: 2.17; Date: 01/28/2013)

Input Data File: C:/Users/adavisl0/BMDS240/Datas/clu_in/hil_cont_constant Opt. (d)

Gnuplot Plotting File: C:/Users/adavisl0/BMDSZ240/Data/clu_in/hil_cont_constant_Opt
Mon Rpr 14 13:17:41 2014

BMDS Model Run

The form of the response function is:

Y[dose] = intercept + w*dose~n/(k"n + dose~n)

Nanandant wariahle = Maan

4

Image file successfully drawn! Mum Lock
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Pt Dichotomous Model
EPA Parameter Estimates

-

;ﬁ;BMDSlﬂf [Build: 04,/01/2013] - [hil_cont_constant_Opt.emf] [= = | = |
a5 File Edit View Tools Windows Help - 5 X

l=N" = oG

HiIll Model wih BEMM of4 Std. Dev. for the BEMD and .52 Lowsr Confidence Limk for the BMDOL

Hum

ponse

Moon Res

95.0% Wald Confidence Interval
Variable Estimate . . Lower Conf. Limit Upper Conf. Limit
alpha 0.0150504 . 0.00915085 0.0209503
intercept 1.681064 0.036591 1.53892 1.6823¢6
v 0.352636 0.0963974 0.1637 0.541571
n 1
k 192.3959 . -157.577 543.49¢%

N4 - Indicates that this parameter has hit a kound
implied by some inequality constraint and thus
has no standard error.

Table of Data and Estimated Values of Interest
m

Image file successfully drawn! Mum Lock




n Dichotomous Model Fit
vEPA Statistics

-

;ﬁ;BMDSlﬂf [Build: 04,/01/2013] - [hil_cont_constant_Opt.emf] [= = | = |
a5 File Edit View Tools Windows Help - 5 X

b =0 = o W

HiIll Model wih BEMM of4 Std. Dev. for the BEMD and .52 Lowsr Confidence Limk for the BMDOL

Hum

ponse

Moon Res

1317 0414 T044

Cllsersiadavis 1TBMDS24 0\ Datal\clu_inthil_cont_constant_Opt.out

Table of Data and Estimated Values cf Interest

Obs Mean Est Mean Obs 5td Dev Est Std Dew Scaled Res.

-0.505
0.256

Scaled Residual
of Interest
(local fit)

Model Descriptions for likelihoods calculated

Image file successfully drawn! Mum Lock




n Dichotomous Model Fit
vEPA Statistics

-

;ﬁ;BMDSlﬂf [Build: 04,/01/2013] - [hil_cont_constant_Opt.emf] [= = | = |
a5 File Edit View Tools Windows Help - 5 X

b =0 = o W

HiIll Model wih BEMM of4 Std. Dev. for the BEMD and .52 Lowsr Confidence Limk for the BMDOL

Hum

ponse

Moon Res

1317 0414 T044

sersladavis 10\ BMDS2400Data\clu_inthil_cont_constant_Opt.out

Explanation of Tests

Do responses and/or variances differ among Dose lewvels?
{R2 va. R)
Lre Variances Homogeneous? (Rl wa B2)
Lre wvariances adequately modeled? (A2 ws. A3)
: Does the Mpodel for the Mean Fit? (A3 wvs. fitted)
When rho=0 the results of Test 3 and Test 2 will ke the same.)

Tests of Interest
-2*1og(Likelihood Ratio) Test df p-value

0.0007

Image file successfully drawn! Mum Lock




wEPA BMD and BMDL Estimates

-

;ﬁ;BMDSlﬂf [Build: 04,/01/2013] - [hil_cont_constant_Opt.emf] [= = | = |
a5 File Edit View Tools Windows Help - 5 X

l=N" = oG

HiIll Model wih BEMM of4 Std. Dev. for the BEMD and .52 Lowsr Confidence Limk for the BMDOL

Hum

ponse

Moon Res

1317 0414 T044

Cllsersiadavis 1TBMDS24 0\ Datal\clu_inthil_cont_constant_Opt.out

The p-value for Test 4 is greater than .1. The model chosen seems
to adequately describe the data
Benchmark Dose Computation
Specified effect 1
Eisk Type Estimated standard deviations from the control mean
Confidence lewvel 0.95
102.944

35.8044

Image file successfully drawn! Mum Lock




\ Opening Output and Plot Files
. after Analysis

Windows Help

View Plot > Using BMDS...

View Output File... Using GnuPlot...
Options...

100 row(s) added. I Numlock .



SEPA

Continuous Data — Exercise #1

79



\f";EPA Continuous Exercise #1

#: BMDS 2.4 [Build: 04/01/2013] - [dataForm] (o || = | =]

[ File Edit view Tools Windows Help -8 X

File Edit Data Grid

Model Type: [CDntinuous T] Model Name: Power < ﬁ

Ready

100 row(s) added. I Mum Lock .

Manually enter these data and save as
Exercise |.dax
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\e’EPA Continuous Exercise #lI

Run the Power model against the Exercise #1 data using the Individual
Model Run option

* Accept all default settings, especially running the model assuming constant variance

8l



Continuous Exercise #l|

o File Edit View

b iy * oy W

Parameters

FRho

Power-= Continuous

95 row(s) added.

;,_'?_-f BMDS 2.4 [Build: 04/01/2013] - [New]

<<Column Assignments>.

# Subjects in Dose Group [N hd EMHA Type ||Std. Dev. A
Std Deviation || Std A Confidence Level 0485

<<Opfimizer Assignmenis=>.

Control ||Default ~

Tools Windows Help =

<<(Mther Assignments=

Doze || Dose - Adverse Direction || Automatic A
Mean ||Mean hd BMRF 1

Response - Constant Varmance(Rho=0) ||V ~e—
BMD Calculation ||V
BMDI Curve. Calc.

Restrict Power >=7 ||V

Opifrons Values

Default

Default A

oy
MNum Lock
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<EPA

Continuous Exercise #l

-

g File

a =

porse

Mean Res

Test

Test
Test
Test

Test

Test
Test
Test
Test

;,_'%-: BMDS 2.4 [Build: 04/01/2013] - [pow_cont_exercisel _Opt.emf]

4332 gas14 I042

C\lsers\adavis10 240\Data\clu_in\pow_cont_exercise1_Opt.out

{Hote:

Edit View Tools Windows Help - 8 X
oy W

Powvmrkodel with EM M of41 Std. Dev. forthe SMO and 0.82 Lower Confidence Limk forthe SMOL

Powmr

1

t

Explanation of Tests

Do responses and/or wariances differ among Dose levels?

(A2 v3. R)

Are Variances Homogeneous? (A1 vs A2)

Are wvariances adequately modeled? (B2 wva. A3)

Does the Model for the Mean Fit? (A3 va. fitted)
When rho=0 the results of Test 3 and Test 2 will be the same.)

Teats of Interest
-2*log(Likelihood Ratic) Test df p—value
15%8.085 <.0001
10.6363 0.03087

10.6363 0.03087
89.1652 <.0001

Image file successfully drawn! Mum Lock
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\e’EPA Continuous Exercise #1

Re-run the Power model against the Exercise #| data using the
Individual Model Run option

* Deselect the option to run with constant variance
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<EPA

Continuous Exercise #l

-

48 BMDS 2.4 [Build: 04/01/2013] - [pow_cont_exercisel_Opt.emf] o= &
od File Edit View Tools Windows Help - 8 X
Qo oy W

porse

Mean Res

Powvmrkodel with EM M of41 Std. Dev. forthe SMO and 0.82 Lower Confidence Limk forthe SMOL

1

Powmr

1

Do responses and/or wvariances differ among Dose lewvels?
(A2 v3. R)
Are Variances Homogeneous? (Rl vs AZ2)
Are wvariances adeguately modeled? (&2 v3. R3)
: Does the Model for the Mean Fit? (A3 wvs. fitted)
When rho=0 the results of Test 3 and Test 2 will be the same.)

-2*1log(likelihood Ratic) Test 4df p—value

3240\Datalclu_in\pow_cont_exercise1_Optout

Explanation of Tests

Tests of Interest

198.095 <.0001
10.68363 0.03087
0.453113 0.9278
91.0444 <.0001

Image file successfully drawn! Mum Lock
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\e’EPA Continuous Exercise #1

Run the Hill model against the Exercise #| data using the Individual
Model Run option

* Run with non-constant variance
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<EPA

Continuous Exercise #l

-

& BMDS 2.4 [Build: 04/01/2013] - [hil_cont_exercisel_Opt.emf] == =]

od File Edit View Tools Windows Help

b iy * oy W

HIll Model, with BEMM of41 Std. Dewv. forthe SMD and 0.82 Lowsr Confidence Limk forthe SMOL

Him

porse

Mean Res

43:40 0414 I0142

CAllzers\adavis10 240\Data\clu_inthil_cont_exercize 1_Opt.out

Test 198.085 <.0001
Test 10.6363 0.03087
Test 0.459113 0.9278
Test 0.754814 0.385

The p-wvalue for Test 1 is less than .05. There appears to be a
difference bhetween response and/or variances among the dose lewels
It seems appropriate to model the data

The p-walue for Test 2 i3 less than .l. & non-homogeneous varlance
model appears to be appropriate

The p-wvalue for Test 3 is greater than .1. The modeled variance appears
to be appropriate here

The p-value for Test 4 is greater than .l. The model chosen seems
to adequately describe the data

Image file successfully drawn!

MNum Lock
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<EPA

Continuous Exercise #l

-

& BMDS 2.4 [Build: 04/01/2013] - [hil_cont_exercisel_Opt.emf] (o= ]=]

od File Edit View Tools Windows Help

b iy * oy W

HIll Model, with BEMM of41 Std. Dewv. forthe SMD and 0.82 Lowsr Confidence Limk forthe SMOL

Him

porse

Mean Res

43:40 0414 I0142

C\Users\adavis 100 BMDS240\Data\clu_inthil_cont_exercise1_Opt.out

LU LT GuELURL 1GLT LITLT
The p-wvalue for Test 4 is greater than .l. The model chosen seems
to adequately describe the data

Benchmark Dose Computation

Specified effect

Risk Type Estimated standard deviations from the contrcl mean

Confidence level

BMD

BMDL

Image file successfully drawn!

MNum Lock
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SEPA

Continuous Data — Batch Processing
using the BMDS Wizard

89



vEPA The BMDS Wizard

A Microsoft Excel-based tool that allows users to run modeling
sessions

The Wizard acts as a “‘shell” around BMDS and stores all inputs,
outputs, and decisions made in the modeling process

The BMDS Wizard streamlines data entry and option file creation,
and implements logic to compare and analyze modeling results

Currently, templates for dichotomous, dichotomous cancer, and
continuous models are provided

920



wEPA BMDS Wi izard Installation

When installing BMDS 2.5, preformatted BMDS Wizard templates will

automatically be stored in the “Wizard” folder in the BMDS250
directory

To avoid possible problems running the Wizard, EPA recommends that the file path of
the Wizard subdirectory not contain any non-alphanumeric characters

EPA users will need to locate their BMDS 250 and Wizard folders in the Users folder
(C:\Users\name\BMDS250)

Non-EPA users can locate their folders in other directories, but the Wizard folder
must be in the same directory as the BMDS executable
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BMDS Wizard Macros

Macros must be enabled in Excel in order for BMDS Wizard to run
and to view output files and figures from the ‘“Results” tab of the

BMDS Wizard

Excel 2003

Open Excel
Select the “Tools” Menu
Select Options

Go to “Security” tab and
click “Macro Security”

Change security level to
“Medium” or “Low”

° Excel 2007
* Open Excel

® Press the “Office” button
and select “Excel Options”

* @Go tothe “Trust Center”
tab and click “Trust Center
Settings”

* Change “Macro Settings”

to “Disable all macros with
notification” or “Enable all
macros”

Excel 2010/2013
Open Excel
Select “File” on the Ribbon

toolbar and click “Options”

Go to the “Trust Center”
tab and click “Trust Center
Settings”

Change “Macro Settings” to

“Disable all macros with
notification” or “Enable all
macros”
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Starting a BMDS Wizard

vEPA Session

*  Open template file and “Save As”’ (Excel Macro-Enabled Workbook
[*.xIsm]) to new BMDS Wizard file in desired working directory

E @ D = continuous_examplexlsm - Excel

HOME INSERT PAGE LAYOUT FORMULAS DATA REVIEW VIEW ADD-INS Davis, Allen -

Al M I -~
LA B = 0] E F G H J K L M M -

4

2

3

4

5

6

T

8
2]

DRAGON BMDS Wizard

11 ain Page
12

13
14
19

Enter Data

16
17 View Results

18

19
20 MMake a Report

21
22
23
24
25
26
27 -

» Startup Logic Quick Start Guide w @ [«
READY H M -——+——+ 100%

Quick Start Guide




(o)
N

A\ Y 4

E

BMDS Wi izard - Study and

Modeling Inputs

B H S & O =

b B = RS [ SR U I LN R

14

15

16

17

18

19

20

LY

HOME INSERT PAGE LAYOUT

BMDS Wizard

Main

Control Panel:

1) Setup 2) Build
Instructions Session

Study and Modeling Inputs:

continuous_examplexlsm - Excel

FORMULAS DATA REVIEW VIEW ADD-INS

Last modified: 4/4/2014

3) Run Session 4) Import

in BMDS Results SR

BMDS Model Version: BMDS 2.4

BMDS Installation Directory  [SRUWEEIAELENER EIN INRET)

Select Folder

Output File Directory:

C\WUsers\adavis 10\BMDS240\Data‘clu_int

Select Folder

BMD ID Number: 2

Study & Year: Bob_ 2010

Endpoint Description:

Dose Units:

BMD or BMC Calculated?

Select Dataset Type: Continuous

Enter Study Data:

Click here to enfer data

Davis, Allen -

| Logic | Quick Start Guide | )

4 4

READY B P -——+ 100%
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EPA BMDS Wizard - Entering Data

H ©- = continuous_examplexlsm - Excel
HOME INSERT PAGE LAYOUT FORMULAS DATA REVIEW VIEW ADD-INS Davis, Allen =

F17 M X [V 0.12 ~
1
2 BMDS Wizard Cell Color Coding
: | inputCells | _Calculated Colls | I
7 BMDS Input Data Return to Main Input Cells Calculated Cells
5
6
7
] Notes and Calculations from Dose-Response Data

Number of
9 Dose Groups

Data Trend
10 (continuous only) [N EEERR

Notes (included
11 in BMDS output) [study notes]
12
13 Convert SE to Stdev
14 Dose-Response Data Inputs

Column Name in .
15 BMDS NumAnimals MeanResponse Stdev

Column Type .
16 T NumAnimals MeanResponse
17 Dose Group 1 0 10 1.61 0.12
18 Dose Group 2 35 10 1.66 013
19 Dose Group 3 105 10 1.75 0.11
20 Dose Group 4 316 10 1.81 0.15
21 Dose Group 5 625 10 1.89 0.13
22 Dose Group 6
23 Dose Group 7
24 Dose Group &
25 Dose Group 9
26 Dose Group 10
27 Dose Group 11
28 Dose Group 12
29 Dose Group 13 =
2n Do o ~ - A

Startup Data Logic Quick Start Guide ) L 3

ENTER
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<EPA

BMDS Wizard — Model

Parameters

H o- & O =
HOME IMSERT PAGE LAYOUT FORMULAS DATA
c20 | fe | Click here to enter data
BMDS Wizard
Main Last modified:
Add new models to BMDS Session:
Hill v
25 Power CV Add Model &
2 Polynomial 4 CV Load Madel
Polynamial 3 CV
27 Polynomial 2 CV Hetauli=
28 Linear CV
Exponential NCW
29 Hill NCV
30 Power NCV
N Polynomial 4 NCY
32 Polynomial 3 NCW Clear All
Palynomial 2 NCV Models
33 Linear NCV
34
35 =
36
37 ption Setups:
Type
Parameter andfor Exponential CV
38 Format
39 BMDS Option Filename 2-Bob_2010-ExpCWV-124
40 Model Type [for filenamea] String
4 BMR. Info [for filename] String
42 Animal ID
43 Dose String
44 # Subjects in Dose Group String
45 Mean String
46 Std. Deviation String
47 Response String
43 Incidence String
49 % Positive i
4 3 | Startup

continuous_examplexlsm - Excel

REVIEW VIEW ADD-INS

4/4/2014

Color Coding for Model Option File Setup

Used for naming BMDS inputs and outputs

(not a BMDS input)

Input cell for selected model

In the default case ("Default,”) values are auto-assigned. If you

want to manually assign, type "Specified” or "Initialized",
comma, then the valus (ex. "Specified,17)

Power CV

PowerCV Poly2CV

NumAnimals
MeanResponse e
Stdev Stdev

Quick Start Guide

Polynomial 2 CV

_2010-PowerC\ 2-Bob_2010-Poly2CV 2-Bo

Linear CV

LinearCV ExpMCV

Stdev Stdev

Exponential NCV

_2010-LinearCV 2-Bob_2010-ExpNCV- 2-

Davis, Allen -

Power NCV

2010-PowerNC 2
NCV F

Stdev

4 4

READY B P -——+ 100%
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n | BMDS Wizard — Model
\"'IE Parameters

E @ D = continuous_examplexlsm - Excel
HOME IMSERT PAGE LAYOUT FORMULAS DATA REVIEW VIEW ADD-INS Davis, Allen =
038 | fe | Linear NCV

Last modified: 4/4/2014

| Add Model & Used for naming BMDS inputs and outputs
2 Load Model (not a BMDS input)
27 Defaults
28: Input call for selected model
29 |
30 |
o Clear All
33| Models In the default case ("Default,”) values are auto-assigned. If you want to manually
34_ assign, type "Specified” or "Initialized”, comma, then the value (ex. "Specified,17)

Type
andlor Exponential CV Hill Cv Power CV Polynomial 3 CV Polynomial 2 CV Linear CV Exponential NCV Power NCV|
Format
'-Bob_2010-ExpCV-12-Bob_2010-HIllCV-1{ 2-Bob_2010-PowerC\ 2-Bob_2010-Poly3CV 2-Bob_2010-Poly2CV 2-Bob_2010--LinearCV 2-Bob_2010-ExpNCV2-Bob_2010--FPow
F PowerCWV 0 Poly2CV LinearCV =xpMCV P
15D

0 0 Do ose
NumAnima \ i MNumAnima \ i MNumAnima 5 i NumAnima
MeanResponse eanRe e MeanR ] eanRe e MeanR TEEGE 3 VleanRespon
Stdev Stdev Stdev Stdev Stdev

ormal

| K 3
AVERAGE: 63125 COUNT: 74 P -——+ 100%




o BMDS Wizard - Model
E Parameters

X E D B continuous_examplexlsm - Excel
p
HOME IMSERT PAGE LAYOUT FORMULAS DATA REVIEW VIEW ADD-INS Davis, Allen =

038 v I Linear NCV ~

BMDS Wizard
Main Last modified: 4/4/2014

Incidence String

| % Paositive String
54 | Distribution Dropdowr
55 | Solution String
58 | Risk Type Dropdowr,
59 | BMRF Real
60 | Confidence Level Real 0.95 .95 0.95 0.95 0.95 0.95
61| BMD Calculation Boolean | |TRUE RUE TRUE TRUE TRUE TRUE 1
62 | BMDL Curve. Calc. Boolean
65 | Restrict Slope == 17 Boolean
67 | Restrict Power >= 1? Boolean
63 | Restrict Betas >= 0? Boaolean
69 | Restrict n=1? Boolean
71] Degree of Polynomial Integer 3 2
73] Restriction Dropdowr on-negative on-negative None
74 | Adverse Direction Dropdown p utomatic Automatic Automatic Automatic Automatic
75| BMR Type Dropdowr] | Std. Dev. std. Dev. Std. Dev. Std. Dev. Std. Dev. Std. Dev.
76 | Constant Variance? Boolean TRUE UE TRUE TRUE TRUE TRUE F
82 | Adverse Direction
88| Confidence Level
95 | Run Model 27 Boolean || |TRUE
96 | Run Model 37 Boolean || |TRUE
97 | Run Model 47 Boolean || |TRUE
98 | Run Model 57 Boolean || [TRUE
99 | Group Exp Models? Boolean
100 Iteration Integer 500 500 500 500 500 500 5
101 Relative Function Real 0.00000001 0.00000001 0.00000001 0.00000001 0.00000001 0.00000001
102 Parameter Real 0.00000001 0.00000001 0.00000001 0.00000001 0.00000001 0.00000001
103 Background Light Gray
104 Slope Light Gray .

||| Logic | Quick Start Guide | )

AVERAGE: 63125 COUNT:74 5U

4 3 Startup




<E

BMDS Wizard - Model
Parameters

E76 M £ I TRUE

BMDS Wizard

Main

Distribution Dropdown

H [’ 0O =
HOME INSERT PAGE LAYOUT FORMULAS DATA

Last modified:

Mormal

continuous_sxamplexlsm - Excel

REVIEW

ADD-INS

4/4/2014

? =

O x

Davis, Allen -

55 | Solution String
58 | Risk Type Dropdown
£9 | BMRF Real
60 | Confidence Level Real 0.95 0.95 0.95 0.95 0.95 0.95
61 | BMD Calculation Boolean
62 | BMDL Curve. Calc. Boolean
65 | Restrict Slope »= 17 Boolean
67 Restrict Power >= 1? Boolean
68 | Restrict Betas >= 07 Boolean
69 | Restrict n=1? Boolean
71 Degree of Polynomial Integer 3 2
73 | Restriction Dropdown an-negative on-negative Mane
74 Adverse Direction Dropdown Automatic Automatic Automatic Automatic Automatic
75 BMR Type Dropdown | Std. Dev. Std. Dev. Std. Dev. Std. Dev. Std. Dewv. Std. Dev.
76 Constant Variance? Boolean TRUE TRUE - IUE TRUE TRUE TRUE f
82| Adverse Direction R
88 | Confidence Level FALSE
95 | Run Model 27 Boolean  |TRUE
96 | Run Model 37 Boolean  [TRUE
97 | Run Model 47 Boolean  |TRUE
98 | Run Model 57 Boolean  |TRUE
99 | Group Exp Models? Boolean
100 lteration Integer 500 500 500 500 500 500 i
101 Relative Function Real 0.00000001 0.00000001 0.00000001 0.00000001 0.00000001 0.00000001
102| Parameter Real 0.00000001 0.00000001 0.00000001 0.00000001 0.00000001 0.00000001
103 Background Light Gray
104 Slope Light Gray
105 Power Light Gray
106| Alpha Light Gray Default, Default,
i | Startup ||| Logic | Quick Start Guide | ) [l 3

-——+ 100%
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E

BMDS Wizard - AutoRunning
BMDS

B H S

b B = RS [ SR U I LN R

14

15

16

17

18

19

20

LY

HOME INSERT PAGE LAYOUT FORMULAS DATA REVIEW

BMDS Wizard

Main Last modified:

Control Panel:

1) Setup 2) Build 3) Run Session
Instructions Session in BMDS

Study and Modeling Inputs:

@ 0O = continuous_examplexlsm - Excel

VIEW ADD-INS

4/4/2014

4) Import
Results

AUTORUN

BMDS Model Version: BMDS 2.4

BMDS Installation Directory  [SRUWEEIAELENER EIN INRET)

Select Folder

Output File Directory: C\WUsers\adavis 10\BMDS240\Data‘clu_int

Select Folder

BMD ID Number: 2

Study & Year: Bob_ 2010

Endpoint Description:

Dose Units:

BMD or BMC Calculated?

Select Dataset Type: Continuous

Enter Study Data: Click here to enter data

Startup Main

Logic Quick Start Guide ) :

Davis, Allen -

4 4
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wEPA BMDS Wi izard - Results

H - @, 0O = continuaus_sxamplexism - Excel
HOME INSERT PAGE LAYOUT FORMULAS DATA REVIEW VIEW ADD-IMNS Davis, Allen ~
BS | 5 2-Bob_2010--M2ExpCV-15D-5d.0ut ~

1
2 BMDS Wizard
3
f51 BMDS Results Back to Main
6
7 Results Table
View Output
File Model Type . ~ Correct .
QUT File Name (comment .:.:: :t BMRF \:’::?:::2‘7 Variance Re'::)r:::ad BMD BIMDL Emg If P_I-_\;::uze P_I-_:::L;)e P_I—_:::I:‘e
includes graph * Model?

: = B @B = = B B B ® o
9 2-Bob_2010-M2ExpCV-150-5d.out |View Output |Exponential (M2) 5td. Dev 1 TRUE TRUE TRUE 326 246 1.33 0.9 0.9 0.250 -150.19
10 2-Bob_2010-M3ExpCV-150-56d.out |View Output |Exponential (M3) Std. Dev 1 TRUE TRUE TRUE 326 246 1.33 0.9 0.9 0.250 -150.19
1 2-Bob_2010-M4ExpCV-150-5d.out |View Output |Exponential (M4) Std. Dev 1 TRUE TRUE TRUE 113 449 2.65 0.9 0.9 0.666 -151.49
12 2-Bob_2010-M5ExpCV-150-5d.out |View Output |Exponential (M5) Std. Dev 1 TRUE TRUE TRUE 113 449 2.65 0.9 0.9 0.666 -151.49
13 2-Bob_2010-HIllCV-15D-5d out View Qutput |Hill Std. Dev 1 TRUE TRUE TRUE 103 358 2.88 0.9 0.9 0.783 -1561.82
14 2-Bob_2010--PowerCV-150-5d.out |View Output |Power Std. Dev 1 TRUE TRUE TRUE n 230 1.35 0.9 0.9 0.282 -150.49
15 2-Bob_2010--Poly3CV-15D-5d.out  |View Output |Polynomial 3° Std. Dev 1 TRUE TRUE TRUE n 230 1.35 0.9 0.9] 0.282 -150.49
27
23
23
30
K
32
33
M
35
36
ar
38
39 -

Startup || Results | Logic | Quick Start Guide | )] HE »

READY 7 OF 18 RECORDS FOUND ] -—F—+ 100%

101



<EPA

BMDS W izard - Results

B H S & O =

HOME INSERT PAGE LAYOUT FORMULAS DATA

BMDS Wizard

BMDS Results

e = R T R R

Results Table
View Output
File Model Type

OUT File Name [comment
includes graph
8 -]
9 2-Bob 2010-M2ExpCV-15D-5d.out IView Output |Exponential (M2)
10 2-Bob_2010-M3ExpCV-150-5d.out |View Output |Exponential (M3)
1 2-Bob_2010-M4ExpCV-150-5d.out |View Output |Exponential (M4)

12 2-Bob_2010-MEExpCV-15D-5d.out |View Output |Exponential (M5)
13 2-Bob_2010-HillCV-1SD-5d.out View Qutput [Hill

14 2-Bob_2010-PowerCV-1SD-56d.out |View Output |Power

15 2-Bob_2010--Poly3CV-15D-5d.out  |View Output |Polynomial 3°

| Startup || Results | Logic

continuous_sxamplexlsm - Excel

REVIEW VIEW ADD-INS

B9 - Ff | 2-Bob_2010--M2ExpCV-1SD-5d.out

Back to Main

2l

A

L&

Correct
BMRF Variance
Model?

Risk Constant
Type Variance?

Sert Smallest to Largest
Sort Largest to Smallest
Sort by Color

Clear Filter From "Correct Variance .."

Mumber Filters

Search
[Select All

Restricted
Model

BMD

BMDL

? =

Davis, Allen -

BMD/ p-value p-value pwvalue
BMDL Test2 Test3 Test4

-] -] A B B H §
TRUE 326 246 1.33 0.9 0.9] 0.250 -150.19
TRUE 326 246 1.33 0.9 0.9] 0.250 -150.19
TRUE 119 449 2.65 0.9 0.9] 0.666 -151.49
TRUE 119 449 2.65 0.9 0.9] 0.666 -151.49
TRUE 103 35.8 2.88 0.9 0.9] 0.783 -151.82
TRUE in 230 1.35 0.9 0.9] 0.282 -150.49
TRUE in 230 1.35 0.9 0.9] 0.282 -150.49

e ¢ B P oo |

1

4

o X

-
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<EPA

BMDS W izard - Results

H ©- @ 0O = continuous_examplexlsm - Excel

HOME INSERT PAGE LAYOUT FORMULAS DATA REVIEW VIEW ADD-INS Davis, Allen =
B9 e fe 2-Bob_2010--M2ExpCWV-15D-5d.out ”~
1
BMDS Wizard import Cloar
3 Results Results
4 BMDS Results Back to Main
5
6
7 Results Table

View Output
File Model Type . c Correct .
OUT File Name Und (comment TR;:'; BMRF v;::’:;igfj Variance Reh:'g::fd BMD  BMDL Emgi "T‘;::”; pT':as:';’ "T";::T
-p ate includes graphh * Model?
8 M M 3 B -] -] - -
9 2-Bob_2010-M2ExpCV-1SD-6d.out |View Qutput |Exponential (M2)  1Std. Dev 1] TRUE TRUE TRUE 326 246 1.33 0.9 0.9] 0.250 -150.19
10 2-Bob_2010-M3ExpCV-1SD-5d.out |View Output |Exponential (M3} |Std. Dev 1| TRUE TRUE TRUE 326 246 1.33 0.9 0.9] 0250 -150.19
1" 2-Bob_2010-M4ExpCV-15SD-5d.out |View Output |Exponential (M4}  |Std. Dev 1] TRUE TRUE TRUE 119 44.9 2.65 0.9 0.9] 0.666 -1561.49
12 2-Bob_2010-M5ExpCV-1SD-5d.out |View Output |Exponential (M5} |Std. Dev 1| TRUE TRUE TRUE 119 44.9 2.65 0.9 0.9] 0.666 -151.49
13 2-Bob_2010-HillCV-1SD-5d.out View Qutput [Hill Std. Dev 1] TRUE TRUE TRUE 103 35.8 2.88 0.9 0.9] 0.783 -161.82
14 2-Bob_2010-PowerCV-1SD-6d.out |View Output |Power Std. Dev 1| TRUE TRUE TRUE n 230 1.35 0.9 0.9] 0282 -150.49
15 2-Bob_2010-Poly3CV-15D-5d.out  |View Quiput |Polynomial 3° Std. Dev 1] TRUE TRUE TRUE n 230 1.35 0.9 0.9] 0.282 -150.49
16 2-Bob_2010-Poly2CV-15D-5d.out  |View Output |Polynomial 2° Std. Dev 1| TRUE TRUE TRUE n 230 1.35 0.9 0.9] 0282 -150.49
17 2-Bob_2010-LinearCV-15D-5d.out |View Output |Linear Std. Dev 1] TRUE TRUE TRUE n 230 1.35 0.9 0.9] 0.282 -150.49
18 2-Bob_2010-M2ExpNCV-1SD-5d.ou View Output |Exponential (M2} |Std. Dev 1| FALSE FALSE TRUE 315 215 1.46 0.9] 0827 0.239 -148.26
19 2-Bob_2010-M3ExpNCV-15D-5d.0u View Output |Exponential (M3}  |Std. Dev 1| FALSE FALSE TRUE 35 215 1.46 0.9] o0.827] 0.239 -148.26
20 2-Bob_2010-M4ExpNCV-1SD-5d.ou View Output |Exponential (M4}  |Std. Dev 1| FALSE FALSE TRUE 102 38.5 2.66 0.9] 0827 0722 -149.83
21 2-Bob_2010-M5ExpNCV-15D-5d.0u View Output |Exponential (M5} |Std. Dev 1| FALSE FALSE TRUE 102 38.5 2.66 0.9] o0.827] 0.722 -149.83
22 2-Bob_2010-PowerNCV-1SD-5d.out| View Output |Power Std. Dev 1| FALSE FALSE TRUE 298 199 1.50 0.9 0827 0271 -148.57
23 2-Bob_2010-HIllNCV-15D-5d.out | View Output |Hill Std. Dev 1| FALSE FALSE TRUE 90.8|error errr 0.9 o0.827] 0.831 -150.11
24 2-Bob_2010-Poly3NCV-15SD-6d.out |View Output |Polynomial 3° Std. Dev 1| FALSE FALSE TRUE 298 199 1.50 0.9 0827 0271 -148.57
25 2-Bob_2010-Poly2NCV-15D-6d.out |View Qutput |Polynomial 2° Std. Dev 1| FALSE FALSE TRUE 298 199 1.50 0.9 0827 0.2M -148.57
26 2-Bob_2010--LinearNCV-1SD-5d.out| View Output |Linear Std. Dev 1| FALSE FALSE TRUE 298 199 1.50 0.9] 0827 0271 -148.57
27
Startup PEII Results Logic Quick Start Guide ) HE »




wEPA BMDS Wi izard - Results

H - @, 0 = continuous_examplexlsm - Excel ?T EH - O X
HOME INSERT PAGE LAYOUT FORMULAS DATA REVIEW VIEW ADD-INS Davis, Allen -
AE13 - 5 Include ~

1
3 Images Recommendation €
4 Selection
5
6
7
S_caled Parameter BMDS BHDS B.MDS Include in
p-value pwvalue p-value Residual for . Parameter Model . . Wizard Wizard
Test?2 Test3 Testd AlC Dose Group Hit Summary Warnings Wizard Bin Recommen | Recommen Summary User Notes
8 n n near BMH Bound?n n Placemen: dation ~_|dation Not-~ Table? - -
9 0.9 0.9 0.250 -160.19 FALSE |Y[dose] = a |None Viable  |Alternate Include
10 0.9 0.9 0.250 -160.19 0.7101 TRUE |Y[dose] = a JMone Viable  |Alternate Include
1 0.9 0.9 0.5666 -161.49 0.538] FALSE |Y[dose] = a Mone Viable  |Alternate Include
12 0.9 0.9 0.5666 -161.49 0.538] TRUE |Y[dose] = a Mone Viable  |Alternate Include
13 0.9 0.9 0.783 -161.82 0.389] TRUE |Y[dose] = int|Mone Viable Recommende|{Lowest BMD Include A
14 0.9 0.9 0.282 -160.49 0.63] TRUE |Y[dose] = co|None Viable  |Alternate In.cl.ude ction
15 0.9 0.9 0.282 -160.49 0.63] TRUE |Y[dose] = be|None Viable  |Alternate Don't Include et
27 "Include™ print in
28 summary table
29 "Den't Include™: don't
30 print in summary table
31
32
33
34
35
36
37
38
39 -
Startup || Results | Logic | Quick Start Guide | ) K »

READY 7 OF 18 RECORDS FOUND Ml -——+—+ 100%
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<EPA

BMDS Wizard - Automatic
Report Generation

H ©- @, 0O = continuous_examplexlsm - Excel

HOME INSERT PAGE LAYOUT FORMULAS DATA REVIEW

PrintWRD... ™ F C:\Users\adavis10\BMDS240\Data\clu_in

1

2 BMDS Wizard

3 Print Word Report

4 Summary Report

5

&

7

3

] Print BMDS Summary Table TRUE

10 Show Report Being Created FALSE

11

12 Print BMDS Figure Print BMDS Output File

13 Print Selected Model TRUE TRUE

14 Print Included Model FALSE FALSE

145

16 Template Location

17 N ETERUTENE GO Co\Users\adavis 10\ BMDS2400BMDS Wizard\

18 LEIE A SIELE I BVIDS Wizard Report Template_ dotx

19

20 Output Word Report Location

21 RENLL AT TINAVTE O Co\Users\adavis 10\BMDS240\Data\clu_in
Report Filename

22 (LUEEELETLDY] 2-Bob 2010-

23 Report Extension

24

25 BMDS Figure Settings

ADD-INS Davis, Allen -

Back to Results

Select MS Word
Template

Select/Create

MS Word Output
File

| startup |

Logic | Quick Start Guide |

READY B M -—F—+ w0%

) P[4 v
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vEPA

BMDS Wizard - EPA Format
Report in Microsoft Word

1.1, BMDS Summary of (Exercize_4)

Tahble 1. Model predictions for (Exercize_4)

Hill Model. (Varsion: 2.17; Date: 01/28/2013)

The form of the response functionis: Y[doss] =intercept +v*dose"n/{k"n+dose"n)

A constantvariance model is fit

Benchmark Doze Computation.

BME. = | Estimated standard daviations fromtha control mean
EMD=102.944

BMDL at the 93% confidsnes laval =35 8046

Model* Goodness of fit BMDius ) BMDLi= () Bazis for model zelection
p-value AIC
Exponsntial (&2} 0230 | -150189 326 245
Exponsnti :'.\B“
Exponential (M4} 04886 | -15149 112 449
Exponsntial (M3
Hill 0.783 | -151.82 103 EES:]
Powar? 0282 | -15048 311 230
Polymomizl 4°¢
Lingar
* Constant varianes cas pr=;=_n'ra.1 (BMDNS Test 2 pvalue = selectad model in bald; scaled residnals for
selacted model for do 5,105,316, 2nd 6§25 wen {113,389, 0303 55, respectively

* For tha Exponsntizl (A3) n:ad_'l fhe ssvimee ofd was 1 ’buu.mldt The modsls in this sow reduced 1o the
Exponsntial (&2} madsl
* For the Exponsntial (A
Exponsntial (M4 -n'_ud_]
< For the Power madel, the powes parameter sstimate was 1. Themodsls in this row raduced to the Linssr model
* For the Polynodmizl 4° modsl, thab4, b3, 2nd b2 cosfficizntastimates wers O (boundsry of parameters space)
The madsls {0 this saw radnced to the Linser modal

" madel, the sstimats of d was 1 (pomdan’y The models in this row reduced 1o d=

Datz from Exsrcize 4

HIll Mosdal . wd i BMR of | Sk, Dau. for i BMD and 05T Lowsr Corddercs Ll i for iw BMOL

- it
2
* -
i -
i
5
H -
<
H 1= -
F 4
s
= EMDL EMD
C) ) =] =0 =) £ =]
dzas

10090417 2013

Figure 1. Plot of mean responze by doze, with fitted curve for zelected model;
doze zhown in .

Parameter Estimates
Variable Estimate Default Initisl
Parameter Values
zlphz 00150506 001656
tha 'z 0
imtencept 161064 141
v 0352636 028
n 1 0.74024
k lazase 103

Table of Data and Estimated Values of Interest

Doze N Obs Mean EstMean | Obs StdDev | Est3td Dev | Scaled Resid

0 10 141 141 0.12 0.123 00163
33 10 1464 1.4 013 0123 0113
105 10 175 173 011 0.123 0382
314 10 1E1 183 0.15 0.123 0303
625 10 182 1328 013 0.123 0236
Likelihoods of Interest

Model Loz{likelihoad) 2Param's AIC
Al BO.153141 [ -1483046282
A2 BO.683014 14 -141370028
A3 80153141 ] -14B3046282
firted 79908307 4 -151817014
R §7.174032 2 130348065
Testz of Interest

Test -I*log{LikeHhoad Textdf p-value

Fatic)

Tastl 27022 g 0.0007008
Test2 106373 4 a2
Tastd 106373 4 09
Test4 Q452248 2 0783
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SEPA

Continuous Data — Exercise #2
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> EPA Continuous Exercise #2

Open the default Wizard Template named ‘“BMDS Wizard-continuous
StDev.xIsm”’

Save as “Exercise_2.xIsm” (i.e., as a Macro Enabled Excel workbook)

Select BMDS Installation Directory

Select Output file directory (usually same directory as where you
saved the Wizard template)

Fill in Study & Year as ‘“Exercise_2"

Can fill out remaining Study and Modeling Inputs, but its not
necessary for this exercise
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wEPA Continuous Exercise #2

On Data worksheet tab, enter the following dose-response data:

Dose-Response Data Inputs

Column Name in .
BMDS NumAnimals MeanResponse b [

LD|!.IITII'I Type Dose NumAnimals MeanResponse Stdev
Assignment

Dose Group 1 0 10 1.61 0.21
Dose Group 2 50 10 1.74 0.26
Dose Group 3 200 10 1.89 0.19
Dose Group 4 600 10 2.1 0.24
Dose Group 5 1000 10 2.24 0.28

On Main worksheet tab, click ““AUTORUN”

Results will automatically import to Results worksheet tab

Which model would you pick, and why?
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Continuous Exercise #2

<EPA

H @. 0 = Exercise_2.xlsm - Encel

HOME INSERT PAGE LAYOUT FORMULAS DATA REVIEW VIEW ADD-INS Davis, Allen ~
C13 - f View OQutput ~
1
2 BMDS Wizard
3
4 BMDS Results Back to Main
5
6
L Results Table

View Output
File Model Type . - Correct .
C - “ 4
OUT File Name - {comment .II_?: :I; BMRF Va{:?:l:i;z Variance R':::)rggfd BMD BMDL g:g If PT:::U; Rr :::L;} pT\;::L:le
Update includes graph " Model?
; | B_@_o B B B B B B ©
9 2-Bob_2010-M2ExpCV-15D-5d out |View Output |Exponential (M2)  1Std. Dev 1| TRUE TRUE TRUE 445 353 1.26) 0.750] 0.750] 0.241 -88.517
10 2-Bob_2010-M3ExpCV-15D-5d.out |View Qutput |Exponential (M3)  |Std. Dev 1| TRUE TRUE TRUE 445 353 1.26) 0.750] 0.750] 0.241 -88.517
11 2-Bob_2010-M4ExpCV-15D-5d.out |View Qutput |Exponential (M4)  Std. Dev 1| TRUE TRUE TRUE 185 84.5 219] 0.750] 0750 0.762 -90.170
12 2-Bob_2010-M5ExpCV-15D-5d.out |View Qutput |Exponential (M5)  Std. Dev 1| TRUE TRUE TRUE 185 84.5 219] 0.750] 0750 0.762 -90.170
13 2-Bob_2010--HillCV-1SD-6d.out View Qutput |Hill Std. Dev 1| TRUE TRUE TRUE 164 63.0 260] 0.750] 0750 0.846 -90.380
14 2-Bob_2010-PowerCV-18D-56d.out _|View Output |Power Std. Dev 1| TRUE TRUE TRUE 399 308 1.30) 0.750] 0.750] 0.334 -89.315
16 2-Bob_2010-Poly3CV-1S0-6d.out  |View Qutput |Polynomial 3° Std. Dev 1| TRUE TRUE TRUE 399 308 1.30) 0.750] 0.750] 0.334 -89.315
16 2-Bob_2010-Poly2CV-180-6d.out  |View Qutput |Polynomial 2° Std. Dev 1| TRUE TRUE TRUE 399 308 1.30) 0.750] 0.750] 0.334 -89.315
17 2-Bob_2010--LinearCV-15D-5d.out |View Output |Linear Std. Dev 1| TRUE TRUE TRUE 399 308 1.30] 0.750] 0.750] 0.334 -89.315
27
28
29
30
31
32
33
34
35
36
3T
Startup Data Results Logic Quick Start Guide ) [ »

READY 9 OF 18 RECORDS FOUND

o -———+ 100%
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