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Disclaimer

The views expressed in this presentation are those of the 
author(s) and do not necessarily reflect the views or 
policies of the US EPA.
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Dichotomous Data

Description

• Response is measured as on/off or true/false 
• You either have it or you don’t  
• BMDS can only model positive dose-response trends,

where incidence increases with dose

Example 
Endpoints

• Non-cancer:  Precancerous lesions, tissue pathology incidence
• Cancer: Tumor incidence

Model Inputs
• Dose
• Number of Subjects
• Incidence OR Percent Affected
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BMD Analysis – Six Steps

YesHave all models & 
model parameters 
been considered?

No

No

No

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

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

Consider combining 
BMDs (or BMDLs)

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

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. 
Are they sufficiently close?

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

START

No

Use lowest reasonable
BMDL

Yes

Yes

Yes

Data not 
amenable for BMD 

modeling
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Select a Benchmark Response

• BMR should be near the low end of the observable range of increased 

risks in a bioassay

• BMRs that are too low can impart high model dependence, i.e., 

different models have different shapes in the extreme low dose area 

and will provide different BMDL estimates.
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Model-dependence of BMD in 
Low Dose Region (Step 1)
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BMR Selection: Choose BMR(s) 
to Evaluate

• An extra risk of 10% is recommended as a standard (not default) 

reporting level for dichotomous data. 

• Customarily used because it is at or near the limit of sensitivity in most cancer 

bioassays and in non-cancer bioassays of comparable size

• In some situations, use of different BMRs is supported

• Biological considerations sometimes support different BMRs (5% for frank effects, 

>10% for precursor effects)

• When a study has greater than usual sensitivity, a lower BMR can be used (5% for 

developmental studies)

• Results for a 10% BMR should always be shown for comparison when using different 

BMRs. 
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Measurement of Increased Risk

• For dichotomous data, BMRs are expressed as:

• Added risk – AR(d) = P(d) – P(0)

• Extra risk – ER(d) = [P(d) – P(0)]/[1 – P(0)]

• Extra risk is recommended by the IRIS, and is used in IRIS risk 

assessments.
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Added vs. Extra Risk

10% Added Risk
0.10 =P(d) – P(0) ; if P(0)=.50  
P(d) = 0.10 + P(0) = 0.10 + 0. 50 = 0.60

10% Extra Risk
0.10 =[P(d) –P(0)]/[1-P(0)]; if P(0) = .50  
P(d) = 0.10 x [1 - P(0)] + P(0) = (0.10 x 0.50) + 0.50 = 0.55

The dose will be lower for a 10% Extra risk than for a 10% Added risk if P(0) > 0
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BMD Analysis – Six Steps

YesHave all models & 
model parameters 
been considered?

No

No

No

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

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

Consider combining 
BMDs (or BMDLs)

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

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. 
Are they sufficiently close?

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

START

No

Use lowest reasonable
BMDL

Yes

Yes

Yes

Data not 
amenable for BMD 

modeling
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Selection of a Specific Model

Biological
Interpretation

Examples:
• Saturable processes demonstrating Michaelis-Menten kinetics 

(Hill model)
• Two-stage clonal expansion model (cancer endpoints)

Policy Decision

U.S. EPA’s IRIS program uses the multistage model for cancer
data
• sufficiently flexible to fit most cancer bioassay data
• provides consistency across cancer assessments

Otherwise
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
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Traditional Dichotomous 
Models

Model 
name

Functional form
# of 

Parametersa

Low Dose 

Linearity
Model fits

Multistage 1+n
Yes, if β1 > 0

No, if β1 = 0
All purpose

Logistic 2 Yes Simple; no background

Probit 2 Yes Simple; no background

Log-logistic 3 No
All purpose; S-shape with plateau 
at 100%

Log-probit 3 No
All purpose; plateau S-shape with 
plateau at 100%

Gamma 3 No All purpose

Weibull 3 No ”Hockey stick” shape

Dichotomous 
Hill

4 Yes Symmetrical, S-shape with plateau

a Background parameter = γ.  Background for hill model = v × g

Model 
name

Functional form
# of 

Parametersa

Low Dose 
Linearity

Model fits

Multistage 1+k
Yes, if β1 > 0

No, if β1 = 0
All purpose

Logistic 2 Yes Simple; no background

Probit 2 Yes Simple; no background

Log-logistic 3 No
All purpose; S-shape with plateau 
at 100%

Log-probit 3 No
All purpose; plateau S-shape with 
plateau at 100%

Gamma 3 No All purpose

Weibull 3 No ”Hockey stick” shape

Dichotomous 
Hill

4 Yes Symmetrical, S-shape with plateau

a Background parameter = γ.  Background for hill model = v × g
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Curve Shapes with Increasing 
Background Response
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Restricting Parameters in 
Dichotomous Models

• Dichotomous models are conceptually restricted so that probabilities 

are positive numbers no greater than one

• 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 for p-value calculation)

• 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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Multistage Model – Betas not 
Restricted
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Multistage Model – Betas 
Restricted
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Models with Unrestricted 
Power or Slope Parameters
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Gamma, Weibull, Hill, Log-
Logistic, or Log-Probit 
models
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Models with Restricted Power 
or Slope Parameters

Gamma, Weibull, Hill, Log-
Logistic, or Log-Probit 
models
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Restricting Dichotomous Models –
EPA Recommendations

• User-specified Parameter Restrictions

• Multistage beta coefficients – restrict to be positive 

• Power and slope terms – restrict to be 1 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 only available in nested dichotomous and C× T 

models in BMDS; other software packages (i.e., PROAST) can consider covariates for 

all data types  
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BMD Analysis – Six Steps

YesHave all models & 
model parameters 
been considered?

No

No

No

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

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

Consider combining 
BMDs (or BMDLs)

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

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. 
Are they sufficiently close?

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

START

No

Use lowest reasonable
BMDL

Yes

Yes

Yes

Data not 
amenable for BMD 

modeling
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Does the Model Fit the Data?

• For dichotomous data:

• 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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Global Goodness-of-Fit

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

• Measures how model-predicted dose-group probability of responses  differ from the 

actual responses

• 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., multistage 

model for cancer endpoints), a cut-off value of p = 0.05 can be used
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Global Goodness-of-Fit
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Modeling Recommendations –
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
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Example 1: When Not to Drop 
the High Dose

P = 0.94

Dose
(mg/m3)

N Incidence

50 20 0

180 20 4

300 32 13

750 12 12

1200 12 12
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Example 2:  When to Drop the 
High Dose

Dose
(mg/m3)

N Incidence

50 20 0

180 20 4

300 32 13

750 12 6

1200 12 5

P = 0.0526
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Example 2:  When to Drop the 
High Dose

Dose
(mg/m3)

N Incidence

50 20 0

180 20 4

300 32 13

750 12 6

P = 0.3676
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Example 3: Use of a Model with 
Asymptote Term

Dose
(mg/m3)

N Incidence

50 20 0

180 20 4

300 32 13

750 12 6

1200 12 5

P = 0.9094
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Further Recommendations –
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., log10(0) is undefined)

• Both log10 and loge 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., Cmax 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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Does the Model Fit the Data?

• For dichotomous data:

• 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 −𝐸𝑥𝑝

√(𝑛∗𝑝(1−𝑝))

• Absolute values near the BMR should be lowest

• Question scaled residuals with absolute value > 2 
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Scaled Residuals

33



Does the Model Fit the Data?

• For dichotomous data:

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

• Local measurement: Scaled residuals (absolute value < 2.0)

• Visual inspection of model fitting.

34



Visual Inspection of Fit
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BMD Analysis – Six Steps

YesHave all models & 
model parameters 
been considered?

No

No

No

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

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

Consider combining 
BMDs (or BMDLs)

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

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. 
Are they sufficiently close?

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

START

Yes

No

Use lowest reasonable
BMDL

Yes

Yes

Yes

Data not 
amenable for BMD 

modeling
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Are BMDL Estimates 
“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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BMD Analysis – Six Steps

YesHave all models & 
model parameters 
been considered?

No

No

No

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

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

Consider combining 
BMDs (or BMDLs)

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

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. 
Are they sufficiently close?

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

START

Yes

No

Use lowest reasonable
BMDL

Yes

Yes

Yes

Data not 
amenable for BMD 

modeling
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BMD Analysis – Six Steps

YesHave all models & 
model parameters 
been considered?

No

No

No

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

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

Consider combining 
BMDs (or BMDLs)

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

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. 
Are they sufficiently close?

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

START

Yes

No

Use lowest reasonable
BMDL

Yes

Yes

Yes

Data not 
amenable for BMD 

modeling
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Comparing Model Fit Across 
Models

• Within a family of models (e.g., 2nd degree vs. 1st 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 
(AIC)

• AIC = -2 x LL + 2 x p

• 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”
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BMD Analysis – Six Steps

YesHave all models & 
model parameters 
been considered?

No

No

No

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

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

Consider combining 
BMDs (or BMDLs)

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

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. 
Are they sufficiently close?

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

START

Yes

No

Use lowest reasonable
BMDL

Yes

Yes

Yes

Data not 
amenable for BMD 

modeling
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BMD Analysis – Six Steps

YesHave all models & 
model parameters 
been considered?

No

No

No

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

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

Consider combining 
BMDs (or BMDLs)

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

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. 
Are they sufficiently close?

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

START

Yes

No

Use lowest reasonable
BMDL

Yes

Yes

Yes

Data not 
amenable for BMD 

modeling
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BMD Analysis – Six Steps

YesHave all models & 
model parameters 
been considered?

No

No

No

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

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

Consider combining 
BMDs (or BMDLs)

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

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. 
Are they sufficiently close?

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

START

Yes

No

Use lowest reasonable
BMDL

Yes

Yes

Yes

Data not 
amenable for BMD 

modeling

44



Example of BMD Analysis 
Documentation

45



Additional Models for 
Dichotomous Data

• For most of the quantal models in BMDS, there are two alternative 

versions available:

• Background response parameter, γ:  

P(β, x, γ) = γ + (1-γ)*F{β, x}

• Background parameter additive to dose, η:  

P(β, x, η) = F{β, (x+ η)}

• Background response models are the “traditional” models that are 

typically used in EPA assessments
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Available Models (and options) 
for Dichotomous Data

• Gamma

– Background response

– Background dose 

• Multi-stage

– Background response

– Background dose

• Multi-stage cancer

– Background response

– Background dose 

• Weibull

– Quantal-Linear (power = 1)

– Background response

– Background dose 

• Dichotomous Hill 

• Logistic

– Background response

– Background dose

• Log Logistic

– Background response

• Probit

– Background response 

– Background dose

• Log Probit

– Background response

– Background dose 
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Curve Shapes with Increasing 
Background Dose
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Dichotomous Data – Creating a 

Dataset in BMDS 
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Creating a Dataset - Options

• Open new dataset and enter data manually

• Choose an existing dataset

• Import & export data in multiple formats
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Creating a Dataset – Open 
New Generic Dataset
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Creating a Dataset – Open 
New Generic Dataset

Enter data
manually
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Creating a Dataset – Import an 
Existing Dataset
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Creating a Dataset – Renaming 
Column Headers
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Creating a Dataset – Renaming 
Column Headers
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Creating a Dataset – Data 
Transformations
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Creating a Dataset – Open new 
Formatted Dataset
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Creating a Dataset – Open 
New Formatted Dataset
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Creating a Dataset – Open 
Existing Dataset
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Creating a Dataset – Open 
Existing Dataset
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Running an Individual Model –
Select a Model Type
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Running an Individual Model –
Select a Model
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Running an Individual Model –
Proceed to Option Screen
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Model Option Screen
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Selecting Column Assignments
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Selecting Model Options
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Specifying Model Parameters
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Dichotomous Model Plot and 
Output Files
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Dichotomous Model 
Parameter Estimates
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Dichotomous Model Fit 
Statistics

Scaled Residual 
of Interest 
(local fit)

Goodness-of-fit p-value 
(global fit)
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BMD and BMDL Estimates
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Opening Output and Plot Files 
after Analysis
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New Flexibility in Datafile 
Structure
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New Flexibility in Datafile 
Structure
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New Flexibility in Datafile 
Structure
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New Flexibility in Datafile 
Structure
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New Flexibility in Datafile 
Structure

77



Dichotomous Data – Exercise #1

78



Dichotomous Exercise #1

Manually enter these data and save as 
Exercise_1.dax
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Dichotomous Exercise #1

• Run the Multistage (1st degree) model against the Exercise #1 data 

using the Individual Model Run option

• Make sure to change the Degree Polynomial =1 
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Dichotomous Exercise #1
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Dichotomous Exercise #1
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Dichotomous Exercise #1

Multistage 

1st degree

BMD10 55.2

BMDL10 44.81

AIC 160.271

p value 0.2788

Scaled 

residual
-1.750

BMDS Summary Table
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Dichotomous Exercise #1

• Run the Multistage (2nd degree) model against the Exercise #1 data 

using the Individual Model Run option

• Make sure to change the Degree Polynomial = 2
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Dichotomous Exercise #1
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Dichotomous Exercise #1

Multistage 

1st degree

Multistage 

2nd degree

BMD10 55.2 94.7

BMDL10 44.81 55.6

AIC 160.271 158.884

p value 0.2788 0.5802

Scaled 

residual
-1.750 -0.606

BMDS Summary Table
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Dichotomous Exercise #1

• Run the Log-Probit model (restricted slope, must manually select in 

option file) against the Exercise #1 data using the Individual Model 

Run option
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Dichotomous Exercise #1
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Dichotomous Exercise #1

Multistage 

1st degree

Multistage 

2nd degree
Log-probit 

BMD10 55.2 94.74 111.50

BMDL10 44.81 55.56 81.95

AIC 160.271 158.884 157.776

p value 0.2788 0.5802 1.000

Scaled 

residual
-1.750 -0.606 0.004

BMDS Summary Table
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Dichotomous Exercise #1

• Individual Model

• Visual inspection of model fit

• Goodness of fit p-value

• Chi-squared residuals (nearest BMD)

• Across Models

• When BMDLs are “sufficiently close” – Akaike’s Information Criterion (AIC) (the 

smaller, the better)

• When BMDLs are not “sufficiently close – Smallest BMDL
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Dichotomous Exercise #1

Multistage 

1st degree

Multistage 

2nd degree
Log-probit 

BMD10 55.2 94.74 111.50

BMDL10 44.81 55.56 81.95

AIC 160.271 158.884 157.776

p value 0.2788 0.5802 1.000

Scaled 

residual
-1.750 -0.606 0.004

BMDS Summary Table

91



Dichotomous Data – Batch Processing 

using the BMDS Wizard
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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
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BMDS Wizard 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\BMDS240)

• 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 to the “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 
Session

• Open template file and “Save As” (Excel Macro-Enabled Workbook 

[*.xlsm]) to new BMDS Wizard file in desired working directory
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BMDS Wizard – Study and 
Modeling Inputs
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BMDS Wizard – Entering Data
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BMDS Wizard – Entering Data
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BMDS Wizard – Model 
Parameters
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BMDS Wizard – Model 
Parameters
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BMDS Wizard – Model 
Parameters
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BMDS Wizard – Model 
Parameters
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BMDS Wizard – Adding Models 
to Session
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BMDS Wizard – AutoRunning
BMDS
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BMDS Wizard – Results 
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BMDS Wizard – Results 
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BMDS Wizard – Results 
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BMDS Wizard – Results 
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BMDS Wizard – Logic 
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BMDS Wizard – Results 
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BMDS Wizard – Automatic 
Report Generation
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BMDS Wizard – EPA Formated 
Report in Microsoft Word
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Dichotomous Data – Exercise #2
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Dichotomous Exercise #2

• Open the default Wizard Template named “BMDS Wizard-
dichotomous.xlsm”

• Save as “Exercise_2.xlsm” (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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Dichotomous Exercise #2

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

• 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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Dichotomous Exercise #2
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