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1. Provide a few sentences summarizing the method illustrated by the case study.

Categorical regression is a well-established method that is useful in analyzing a variety of toxicology data in an integrated fashion (e.g., Hertzberg and Dourson, 1993; reviewed by Haber et al., 2001).  Categorical regression analysis applies regression analysis to response data in the form of ordered categories of severity, for the purpose of predicting the probability of achieving a particular category of response as a function of one or more independent variables.  For example, severity categories can be defined as the NOAEL, adverse effect level (AEL), and severe effect level.  Categorical regression can then be use to calculate the probability that a response at any defined severity category occurs, given a concentration and duration of exposure.   It can be used as a meta-analytical technique, because it can combine data from multiple different studies, and thus fill in data gaps that are not addressed in a single study.  Similar to benchmark dose modeling, the output from a categorical regression analysis provides a probability estimate that can be used as a point of departure (POD) for calculating an RfD or other health guidance value (HGV), and, under appropriate conditions, can be used to estimate the risk above a specified HGV
.  The analyses can be conducted by an experienced statistician using standard statistical software, but the custom software CatReg, developed by the U.S. Environmental Protection Agency, makes the method accessible to the general toxicologist/risk assessor.    

In the example that this case study focuses on (Chambers et al., under review), a pool of relevant studies on copper deficiency and excess (both human and animal data) was identified, and severity scores were defined to create a common measure of response.  The lowest severity level (severity level 0) corresponds to the NOEL, the highest score (severity level 6) corresponds to death.  Intermediate levels represent a range of effects in-between. Dose was defined in mg/kg bw/day.  CatReg was used to conduct the exposure-response analysis.  Two analyses were conducted to define separate exposure-response curves for copper excess and deficiency, resulting in a U-shaped curve.
In another example related to the calculation of risk above the RfD, categorical regression has been conducted on “chemical T,” a pesticide, using animal data on thyroid endpoints (thyroid hormone levels, thyroid weight, and thyroid histopathology) to estimate the response between the POD and the RfD.  The ultimate goal of this project is to provide probabilities for hypothyroidism and thyroid cancer in order to determine the number of cases of illness for cost-benefit analysis
.
2. Describe the problem formulation(s) the case study is designed to address.  How is the method described in the case useful for addressing the problem formulation?  
The response to this question first addresses the generic problem formulation of calculating risk above the RfD (or other health guideline value), and then addresses the specific problem formulations related to the case studies.  There are two primary challenges in calculating the risk above the RfD.  The first is uncertainty with regard to the shape of the dose-response curve in the range below the data.  Any approach that extrapolates below the data results in this type of uncertainty, with the uncertainty increasing the further one extrapolates.  Categorical regression can address this issue by using information on early (nonadverse) effects to inform the shape of the dose-response curve in the dose range between that of classical toxicity measures and the RfD.  Because the severity ratings are defined by the user, it is feasible to tie severity groupings into mode of action-based approaches, such as tying severity ratings to key events.  As molecular toxicology methods and other advances increase the availability of such precursor information, categorical regression provides an approach to using such information to inform the low-dose dose-response, rather than trying to use precursor information as the basis for a POD.  (For another approach to incorporating precursor information to inform the shape of the dose-response curve, see case study #9).  
A second key challenge in calculating the risk above the RfD is the traditional focus on a single critical effect and associated point of departure (POD) (i.e., NOAEL, LOAEL, or benchmark dose).  These PODs define the most sensitive endpoint at a specified dose level.  When considering the risk below that dose level, it is important to consider the full spectrum of potential responses and the shapes of the respective dose-response curves.  If, for example, the liver effect dose response curve is shallower than that for the kidney, then the kidney effect might be the basis of the POD observed in an animal study and used for calculating the RfD, while risk at lower doses may be determined by the liver effect risk.  Thus, for example, a dose associated with no kidney effect may cause a precursor liver effect in the general population, and an adverse liver effect in a sensitive individual.  Categorical regression can address this issue by considering the probability of having any effect, rather than just modeling the probability of the critical effect.  Care is needed, however, in using this approach of combining probabilities across unrelated endpoints.  In evaluating the severity of effect at a specified dose, the severity rating needs to consider whether all potentially sensitive endpoints were evaluated, to avoid biasing the dose-response curve in a less health-protective direction.  Thus, in the example above, if a study evaluated the liver, but not the kidney, and found no effects, it would not be appropriate to rate the tested doses as no effect levels, since the expected critical effect was not evaluated.  Thus, for this application, the severity rating for any given dose addresses the severity of any effect on the organism, rather than the severity of a specified endpoint.  
The copper case study is motivated by the fact that copper is an essential nutrient, but toxic in excess. Like many trace metals, it has a potentially tight window of safe doses.  Toxicity occurs if intakes are outside this window, either too high or too low.  This makes it problematic to use traditional approaches, such as the application of uncertainty- or modifying factors, because extrapolation from a POD based on toxic effects using such factors may calculate recommended intakes that are in the deficiency range.  At the same time, the population is exposed to copper chronically, as copper is a natural component of food and can occur in drinking water delivered by copper pipes, and so it is necessary to identify doses that can lead to toxicity. 

The public database for copper deficiency and excess is large and diverse.  Studies are available from a range of species, including humans, and from different developmental stages.  The predictive power of each study alone, however, is small. The need arose to draw from the extensive copper database more holistically, and to combine the vast knowledge of copper dose-response into one informed “message”.
The only way to combine diverse studies is to categorize them by the severity of effect only, initially without consideration of differences between studies, such as animal species, or the nature of the copper exposure (e.g., drinking water versus food, copper sulfate versus copper chloride). Study differences are later accounted for by utilizing stratifying parameters in the exposure-response model.  Categorical regression allows for this, and it further allows the “co-existence” of severity categories in the excess- as well as the deficiency range.  During the “binning” of data into severity categories, the dose-response curves for excess and deficiency are treated separately. In the case of copper, the severity level 5 (“severe toxicity”) exists twice, once as an outcome of excess, and once as an outcome of deficiency.  The two curves are combined after binning and the CatReg analysis, as described below under  item #3. 
For the “chemical T” example, the problem is the need to determine the number of cases of illness (hypothyroidism and cancer) at different dose levels for a cost-benefit analysis.  Calculating the benefit of a regulatory approach would be based on the difference in the number of cases of illness prior to and after regulation.  (See Figure 1, Appendix A.) 
3. Comment on whether the method is general enough to be used directly, or if it can be extrapolated, for application to other chemicals and/or problem formulations.  Please explain why or why not.  
Categorical regression is a flexible and easily generalized modeling technique that can be implemented reasonably easily with publicly-available software.  Scientific judgment is needed for the severity ratings, but this judgment is not inherently different from the judgment involved in more commonly-used approaches.  In addition to the application discussed here of calculating the risk above the RfD, categorical regression can be used as a meta-analytical technique to calculate the point of departure.  This is particularly useful for acute inhalation exposures, where categorical regression can be used to estimate the concentration-duration-response curves, allowing response levels to be estimated for data-poor exposure durations using assumptions other than Haber’s rule (c x t = constant) or the ten Berge approximation (cn x t = constant).  (See Guth et al., 1997, for an example of this application.)
For modeling as done for the copper case study, the existing method and CatReg program can be used with minor adjustments.  CatReg currently allows categorical regression to be used only for a one-directional analysis. A bi-directional analysis with a U-shaped outcome is not possible with this software. In the copper case study, two separate analyses were conducted to define separate exposure-response curves for copper excess and deficiency. These were combined post-analysis to create a U-shaped dose-response curve, as further described in the manuscript. 
This particular use of CatReg can be immediately applied for other trace metals, which –like copper- have a large and diverse public database.  Examples may be iron, zinc, selenium, or any other micronutrient with a U-shaped dose-response.  
4. Discuss the overall strengths and weaknesses of the method.
There are a number of general strengths and weaknesses of the method, as well as some specific ones related to specific applications.  
The single biggest strength of categorical regression is its meta-analytical capabilities, that is, the potential to combine data from multiple studies.  Multiple single-dose studies, if they are of appropriately similar design, can be combined to describe an overall dose-response curve.  Qualitative information can be incorporated even in the absence of incidence data (e.g., “animals at 100 ppm exhibited tremors and severe eye irritation), by assigning a group level severity score.  Categorical regression can combine continuous, incidence, descriptive and categorical data into an overall curve describing the relationship between dose and severity of response.  Where extrapolation across exposure duration is of interest, categorical regression can be used to inform the impact of duration on response, and provide estimates for durations for which little or no data exist.  Use of multiple studies can also help to characterize uncertainty and variability, and so extrapolations of model results might be regarded as more defensible than those that could be made from analyses of data from single studies.  Variability associated with different studies (e.g., due to differences in study design, animal species, sex, and age) can be accounted for by stratifying parameters in the exposure-response model.  The current software (CatReg) allows one to test the significance of these stratification options in the models that have been defined.  One can investigate how exposure-response curves differ among animal species and other variables of interest.  Finally, the modeling can help to refine the overall risk assessment process by including data on early (precursor) key events to define the overall dose-severity of response curve.
Other advantages of categorical regression relate to specific applications.  As noted above, there are two primary advantages in the context of calculating risk above the RfD.  The first is that data on the dose-response for precursors can be incorporated into the analysis, to minimize the degree of extrapolation needed.   A second advantage is that the method can calculate the probability of any effect of a specified severity level, rather than being limited to the dose-response of a single endpoint.  Additional advantages relate to the potential for this method to calculate concentration-duration-severity of response curves.  Having information on multiple severities of response at multiple durations is of particular utility for emergency response and planning programs (e.g., this approach could be used for the Acute Exposure Guideline Level, or AEGL, program – see Case Study # 13 for an explanation of AEGLs).
As for the strengths, several of the limitations to the method are general to categorical regression, while others are specific to the application.  One key consideration (although not necessarily a weakness) is that categorizing the data can be labor intensive and can require significant toxicological judgment.  Therefore, transparency in defining the criteria used to assign severity categories is important.  An experienced team with expertise in the relevant endpoint(s) is needed to actually conduct the categorization.  Toxicological judgment is also needed regarding when it is and is not appropriate to model together different studies and endpoints, taking into account the nature of the problem formulation.
A second consideration when combining different data types (incidence, continuous data, and categorical data) is that (depending on some of the details of the modeling), there may be a loss of information as the modeling is carried out.  This is then reflected in the expression of the result of the modeling.  If only incidence data are modeled, the calculated probability is equivalent to the risk (i.e., the estimated percent response at a specified severity, for a given exposure condition).  However, if some of the input data are continuous or categorical data, the calculated probability reflects the probability that the specified exposure will result in a response at a given severity (e.g., the probability that the exposure is an adverse effect level).  (See item #G, below.) 
Finally, as for any curve-fitting exercise, the quality of the results is a function of how well the curve fits the data.  The CatReg software includes a number of tools for improving fit, including the potential to “stratify” the data (i.e., create separate but related curves) based on key characteristics, such as species and sex, and options of using different flexible mathematical models to fit the data (although not as many as with the Benchmark Dose Software – BMDS).  Statistical tests of fit are also built into the software.    

A key issue for using categorical regression to calculate the risk above the RfD is the need for extrapolation below the data.  Like benchmark dose modeling, categorical regression is an empirical curve-fitting approach, without an inherent underlying biological basis, although categorical regression can be linked to biology, as noted with the modeling of key events discussed above.  This means that caution is needed in extrapolating far below the range of the available data.  For the examples in the two specific case studies, substantial data are available in the range of the RfD and slightly above or below it, so that minimal or no extrapolation is needed
.  However, even for such data sets, caution is needed in predicting probability in the full population (including consideration of sensitive populations), if data on sensitive populations were not included in the modeling.  (See additional discussion on sensitive populations in the context of item #A, below.)  Furthermore, additional thought would be needed if the RfD were calculated using a large uncertainty factor.  For example, an uncertainty factor of 1000 requires substantial extrapolation below the data with no information of the shape of the dose-response curve in that region.  Under such conditions, the quantitative estimate of probability of an adverse effect would be problematic, but may be useful for risk management decisions, such as determining which chemical should be regulated first (Teuschler et al., 1999).    
5. Outline the minimum data requirements and describe the types of data sets that are needed.
The minimal data requirements for categorical regression modeling in general depend on the specifics of the problem formulation.  Categorical regression can be done on simple data sets through very complex data sets with multiple severity levels.  It can analyze how severity of response changes with exposure duration in a single study, or it can analyze multiple studies over a range of doses and durations.  At a minimum, at least one data point is needed for each severity level to be analyzed, with at least one data point at multiple durations if duration is a component of the analysis.  Additional data may be needed for adequate fit if some of the data do not describe a smooth curve.  As noted in the context of question #4, any type of response data can be modeled if the exposure conditions are known and a severity score can be assigned, even if quantitative data are not available.  Of course, data from multiple relevant studies with optimal dose-spacing throughout the relevant exposure levels enhances the quality of the results.  

For calculating the risk above the RfD, an additional need is data in the range of the RfD, ideally including consideration of population variability and sensitive populations.  This need is decreased if the desire is to compare risks calculated for different chemicals using the same approach, rather than calculate an absolute probability of response.  

Does the case study:
A. Describe the dose-response relationship in the dose range relevant to human exposure? 
It depends on the data, and is not inherent to the method.  For the copper case study, some data are available in the dose range relevant to human exposure, and so this is captured in the dose-response relationship.  However, even for this data set, there is little data around the margins of the acceptable range of oral intake, and significantly more data from animal studies at more extreme levels of exposure.  This is not an optimal situation to characterize the slopes of the exposure-response curve around the intakes relevant to human exposure, and creates more uncertainty around the exposure response curves for lower levels of severity.

B. Address human variability and sensitive populations? 
The simple approach of developing the categorical regression curve and extending it to low doses does not address these issues.  Human variability could be captured on a generic basis by such methods as including a probabilistic uncertainty factor (see Case study #11 or #11-mod) in the calculation of the probability of a response.  

The copper case study does not currently address sensitive populations.  However, the possibility exists to include studies on sensitive model organisms in the database, such as models
 of Menkes
 and Wilson
 disease, or data from Wilson disease patients, as available.  These could be utilized as separate strata for sensitivity or variability. 
C. Address background exposures or responses?
The database created in the case study copper contains a significant amount of exposure-response data that is derived from the control groups within an experimental study.  These observations correspond to “background” intakes of copper that would typically be consumed in a regular diet.  Often, these dose-groups are referred to as “copper adequate.”  The CatReg software provides the option for the user to either assume zero background risk (there is a zero probability of response when concentration is zero) or to add an additional parameter to the model as a hypothetical background concentration.  

D. Address incorporation of existing biological understanding of the likely mode of action? 
Categorical regression is an empirical curve-fitting method, and so does not necessarily include biological understanding, unlike, for example, physiologically-based modeling.  However, mode of action information can be used in the choice of data to model and the assignment of severity levels.

For the copper case study, a direct test involving comparison of the model structure with information obtained directly from the real biological system being modeled (copper physiology) was not performed.  There are gaps in our knowledge about the dynamic and kinetic properties of copper in animal and human tissues, which limits the application of biologically based exposure-response models.  An important question is whether a more complex empirical model could be defined that took into account more detailed information about the real biological system with the data currently available in our database.  

E. Address other extrapolations, if relevant – insufficient data, including duration extrapolations, interspecies extrapolation? 
Use of categorical regression modeling to estimate risk above the RfD extends the curve from the range of the data into the range of the RfD, and so may or may not overtly address other extrapolations.  Including duration as a variable in the modeling can inform the dose-response for longer (or shorter) durations, with the caveat that uncertainty increases the farther one gets from the data.  If duration is not included as a variable in the modeling, simply extending the curve down to low doses may underestimate risk.  Thus, for example, if only subchronic data are modeled and there is evidence of progression with exposure duration, extending the curve to low doses may under-estimate the risk.  Similarly, unless one conducts dosimetric adjustments and considers interspecies dynamic differences prior to modeling, the curve may predict the response in animals, but may need additional extrapolation to predict the human response.  
Relevant extrapolations were addressed in the copper study.  The lack of data in some aspects of the copper database forced some extrapolations.  For example, the copper deficiency exposure-response curve for higher levels of severity for the human data was estimated from exposure-response data from lower levels of severity (and from animal exposure-response data at higher levels of severity, depending on how the model was stratified). 
F. Address uncertainty? 
Yes.  Each parameter estimate has a standard error and P-value, and was tested with Z-test statistics. 
G. Allow the calculation of risk (probability of response for the endpoint of interest) in the exposed human population?
The use of categorical to estimate risk above the RfD can predict probabilities of an effect of specified severity, with the caveats noted above with regard to human variability and data gaps.  The quality of the prediction depends on the quality and nature of the input data.
For the copper case study, risk was calculated.  At the lowest level in the U-shaped curve for severity level 2
 or greater (p = 0.1080, corresponding to about an 11% probability of response ), the corresponding dose equals 2.6 mg/day.  Therefore, the optimal intake level to protect the population from severity level 2 or greater responses associated with both copper deficiency and excess is approximately 2.6 mg/day.  The optimal intake level to protect the population from severity level 3 or greater responses associated with both copper deficiency and excess is approximately 2.2 mg/day.  It is important to note that the use of group data, rather than individual subject data, in the analysis, complicates the interpretation of the final risk estimates.  As noted above, if the data were for individual exposed subjects, then probability curves would represent estimates of individual risk.  However, with data only available at the group level, as is the case in this analysis, then p would represent the probability that a group of the average size of groups in the copper database would exhibit a mean response of a given severity level or greater.  Essentially, the CatReg model is predicting a 11% probability that a response of category 2 severity or greater, from either excess or deficiency, will occur and be detected reliably if that dose is given to a group of subjects (of the average group size in the copper database) for 100 days.  
H. Work practically?  If the method still requires development, how close is it to practical implementation? 
Despite the outlined weaknesses in the case study, the categorical regression approach to model the dose-response of copper appears to work practically, as does the method in general.  The predicted optimal intake of between 2.2 and 2.6 is in agreement with conclusions of a recently completed risk assessment of copper (EU Voluntary Risk Assessment of copper), which states that the current intake recommendations of around 1 mg/day may be too low.
Optional Additional Questions
If your case study team members have the time and resources, you may want to provide additional information, although this is not required. 
Optional 1:  The NAS report emphasized the importance of problem formulation. Did you conduct a detailed problem formulation before developing your case study, or was the problem formulation developed afterwards?  If the problem formulation was developed after the case study, would following the NAS-detailed recommendations for conducting problem formulation beforehand have changed the methodology applied or improve the assessment?  If so, how?

The problem formulation was conducted prior to development of the case study. Briefly, it stated that copper, having a U-shaped dose response curve, presents several challenges for decision-makers regarding safe levels of intake, and that traditional approaches may have limited use.  It stated the need to draw from the extensive public copper database more holistically, and to combine the vast knowledge of copper dose-response into one informed “message”.
Optional 2:  Is it possible to incorporate the NAS report recommendations for the issues noted above (A through G above; item H was not noted by the NAS report, but is important for the work of the panel)? Why or why not?   If so, does application of the recommendations improve the assessment?

This case study illustrates additional options beyond those noted by the NAS report for estimating risk above the RfD. 
Optional 3:  What would improve the method (i.e., what additional research is needed)?

For the general categorical regression method, additional scientific consensus regarding severity cutpoints would help develop confidence in the method, as would more user-friendly software that provides clear criteria for model acceptability.  (Such software is under development.)

Additional research is needed for copper, as well as for other essential trace metals, in filling in the gaps of dose-levels nearer the margins of recommended intakes.  Dose-spacing needs to be equally distributed between the high end of toxicity or deficiency towards the trough of the U-shaped curve. 
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Appendix A (used with permission from a publicly available presentation)
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56 Day Study n=20 for all dose groups

Dose Liver Wgt. Thyroid Wgt. TSH T3 T4

0.00 1 1 1 1 1

0.50 2 2 3 1 1

1.50 1 2 1 0 1

5.00 1 1 2 1 1

15.00 5 3 1 1 1

50.00 15 10 2 2 1

150.00 20 18 6 10 7

730 Day Study 90 Day Study

Dose Liver Wgt. Thyroid Wgt. Cancer Dose Thyroid Hyp.

0.00 0/60 1/60 2/50 0.00 0/10

0.04 0/60 1/57 3/47 0.07 0/10

0.40 0/60 1/59 0/49 0.67 0/10

4.40 0/59 4/57 2/47 6.60 1/9

44.20 47/61 5/59 9/49 68.00 2/10

136.40 52/60 8/58 14/48 201.00 7/10
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� The specific conditions for estimating risk are addressed in the context of questions 2 and 4. 


� This project is described in generalities by Axelrad et al. 19xx, but a detailed description of this work has not yet been cleared by EPA.  Key data and a figure are provided in Appendix A.


� For the thyroid endpoints of concern, rats are more sensitive than humans.


� Well established mouse models exist for inborn errors of copper homeostasis.


� Menkes disease is a genetic disorder resulting in the inability to absorb copper into tissues.  Patients are extremely sensitive to copper deficiency, and do not survive toddler age. 


� Wilson disease is a genetic disorder predisposing patients to copper accumulation.  Wilson disease individuals are sensitive to copper toxicity, and -depending on disease severity- often live to 60 years of age or older. 


� Severity level 2 equals early phenomena of copper deficiency (e.g., loss of Cu-dependent enzyme function) and early phenomena of copper accumulation (e.g., changes in Cu absorption and transport; large increases in liver Cu burden)








PAGE  
18-1

Rodent Incidence Data for Chemical T (mg/kg/d)
(No human data available)











56 Day Study

n=20 for all dose groups



Dose



Liver Wgt.



Thyroid Wgt.



TSH



T3



T4



0.00

1

1

1

1

1

0.50

2

2

3

1

1

1.50

1

2

1

0

1

5.00

1

1

2

1

1

15.00

5

3

1

1

1

50.00

15

10

2

2

1

150.00

20

18

6

10

7

730 Day Study

90 Day Study

Dose



Liver Wgt.



Thyroid Wgt.



Cancer



Dose



Thyroid Hyp.



0.00

0/60

1/60

2/50

0.00

0/10

0.04

0/60

1/57

3/47

0.07

0/10

0.40

0/60

1/59

0/49

0.67

0/10

4.40

0/59

4/57

2/47

6.60

1/9

44.20

47/61

5/59

9/49

68.00

2/10

136.40

52/60

8/58

14/48

201.00

7/10















































































































































3





Smmeen et








Key

Cancer 

Hypothyroidism 





T = 0.1

T = 1.0











2.5

Example Change in Probabilities Given 

Given a Reduction In Chemical T 

from 5 to 2.5 mg/kg/d



Change in Modeled Probabilities Given a Reduction in 

Chemical T of Interest to Benefits Analysis









































0

5

10

15

20

25

30

Dose (mg/kg/d)





















0.0

0.2

0.4

0.6

Probability of Effect



















































































9










