


The software visualizes the observed values and the predicted values for the response variable of
each model (6 national models, 5 Massachusetts models). The software interpolates the
predicted values spatially within each state using a squared inverse distance algorithm; it
interpolates linearly in time. The predicted values are defined for each county. There are two
visualization modes: (1) a spatial surface moving in time, and (2) a time series. The tool was
built in a flexible way so that it can be easily adapted to accept updated data.

Figures 6-4 and 6-5 are screen shots from the visualization tool. Figure 6-4 provides an example
of a response surface generated by the tool to illustrate predicted blood-lead levels across a
geographic area. In this example, the area is the state of Illinois. Figure 6-5 provides an
example of a method the visualization provides to plot predicted blood-lead levels in a given
geographic area over time.
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Figure 6-4. Response Surface of Predicted Geometric Mean Blood-Lead Concentration
Across the State of lllinois from the Visualization Tool
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7.0 DISCUSSION AND FUTURE WORK

The goal of this study was to determine whether tools could be developed to differentiate
geographic areas (counties and census tracts), based on their predicted risk of containing children
with elevated blood-lead levels. Statistical models were developed that link CDC’s childhood
blood-lead surveillance data to demographic predictor variables available in the 2000 U.S.
Census. While earlier chapters of this report focus on the development and performance of these
statistical models, this chapter provides a discussion of the factors that should be considered
when using the models, and some preliminary ideas for improvement.

71 Major Findings

The results of this study suggest that longitudinal predictive models can be developed at the
county level across the nation based on the use of quarterly summary information from CDC’s
National Surveillance Database, and at the census-tract level within states that have a long
history of universal screening and reporting, such as Massachusetts. These models can be used
to describe how risk of childhood lead poisoning changes over time within different regions of
the country, as well as within small geographic areas within states (e.g., counties) and even
smaller geographic areas within counties (e.g., census tracts). They can be used to predict the
risk of childhood lead poisoning in counties (or census tracts) with little or no surveillance data,
and also can be used to identify those counties (or census tracts) that are at highest risk at the end
of the period of observation (see Appendix F for a list of the 150 counties across the country at
highest risk predicted by each of the six models, as well as the top 10 counties within each state).

The statistical model chosen (a random-effects model with separate intercepts and slopes
estimated within each county or census tract) also allows ranking of geographic areas based on
the rate of decline over time after accounting for the fixed-effects variables of the model
(although only among those areas that provided adequate surveillance data). Within the context
of the Broad-Based National Model, these random effects would allow us to identify those
counties that are experiencing a more rapid reduction in risk of childhood lead poisoning over
time (to identify best practices) and those counties that are experiencing a significantly less rapid
decline over time (to identify areas in need of additional attention and resources for combating
lead poisoning), after already accounting for the demographic, programmatic, and environmental
factors included in the multivariate model.

Within the context of the series of Broad-Based National Models, the data suggest that there are
significant differences in the distribution of childhood blood-lead concentrations among the
different regions of the country, and that the manner in which these distributions change over
time and are impacted by seasonality also is regionally specific. After accounting for these
regional differences, a number of demographic, environmental, and programmatic variables were
found to be highly predictive of childhood blood-lead concentrations among the different
response variables modeled within this project. The specific variables that were found to be
predictive within the multivariate models varied based on the response variable; however, there
were certainly some variables that were found to be selected in multiple models. In addition to
various census demographic variables that were identified in previous risk modeling efforts (e.g.,
age of housing, percent single parent families, race/ethnicity), it was found that variables
constructed from EPA’s Safe Drinking Water Information System, time-lagged programmatic
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funding information from HUD and/or CDC, and variables associated with high lead emmisions
or predicted air concentrations were selected within the National (Low Resolution) multivariate
statistical models.

Within the context of the High-Resolution Model developed using data from the Commonwealth
of Massachusetts, the project team also found a highly significant downward trend in the risk of
childhood lead poisoning among the five models developed. Due to a very small number of
children observed at or above 25 ug/dL within Massachusetts over the 2000-2006 period of
observation — this sixth model was not included. After accounting for the long-term reduction
over time and seasonality using similar methods that were employed in the Broad-Based
National Model, we found that only the demographic and programmatic variables were
predictive of the risk of childhood lead poisoning at the census-tract level. Of particular interest
were the variables that described the proportion of housing units within each census tract that
were found to be in compliance and out of compliance with the Massachusetts Standard of Care.
In all five of the multivariate models, the risk of childhood lead poisoning was significantly
reduced as the proportion of housing units in compliance increased within a census tract. In
addition, for the last two models (which predicted proportion of children at or above 10 and 15
ng/dL), the risk of childhood lead poisoning increased significantly as the proportion of housing
units out of compliance increased within a census tract.

7.2 Comparison Between Results and NHANES

Due to selection bias associated with surveillance data, it is expected that the CDC National
Surveillance dataset as well as the Massachusetts surveillance data may show higher proportions
of elevated blood-lead concentrations than found in the general population. For this reason, the
proportion of children with elevated blood-lead concentrations as well as the distribution of the
potential continuous summary measure derived from the surveillance data were compared with
those reported by the most recent six years of available CDC National Health and Nutrition
Examination Survey (NHANES). Results of this comparison are presented graphically in Figure
7-1 — suggesting that there is a highly significant difference between the NHANES and CDC’s
National Surveillance Database with respect to the proportion of children observed at or above 5
ug/dL (with lesser differences observed for the proportion of children observed at or above 10,
15, and 25 pg/dL). In future work on this project, EPA might consider methods for calibrating
the Surveillance data to better match the National Distribution of childhood blood-lead
concentrations using methods similar to those employed by Strauss, et. al. 2001a.
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7.3 Data Issues

The models that were developed as part of this project are based on data sources that have both
strengths and limitations. In this section, four potentially limiting aspects of the data are
considered — biases from the geocoding process, biases inherent in the surveillance data,
reporting limits in surveillance data, predicting within-area relationships with ecological models,
and use of Census data from 2000.

7.3.1 Biases from Geocoding

The quarterly summary statistics from CDC’s National Surveillance Database utilized in these
analyses were available at the county level of geographic specificity. CDC based this
summarization on county FIPS codes reported by its grantees. This field is quite well reported in
CDC’s CBLS database. The Massachusetts surveillance data was summarized and analyzed at
the census-tract level, with the geocoding of address data within the Massachusetts data being
conducted by MDPH staff. While there is no reason to suspect lack of data quality within the
Massachusetts surveillance data, experience shows that the process of geocoding can introduce
some subtle biases into surveillance data. Thus, the following section is offered as a guide for
EPA to consider for future modeling efforts in which state or local surveillance data are
geocoded to the census-tract level:

The geocoding process is highly dependent on the quality of address data recorded by the local
lead poisoning prevention programs with whom the blood-lead information originated. Several
factors could prevent an address from being successfully geocoded, such as:
e Erroneous, illegible, or purposefully misleading address information being provided to
the childhood lead poisoning prevention program
e Address data that contain either a P.O. Box or Rural Route as part of the street address,
which typically cannot be successfully geocoded
e Errors in data entry.

While these problems with address data are likely to occur in all programs with a non-trivial
frequency, there may be a systematic bias that programs introduce (albeit unintentionally) when
correcting address data. It is likely that address data errors are identified and corrected with
higher frequency for children who have an elevated blood-lead level and require follow up.

Given the potential bias introduced through the geocoding process, further research may be
worthwhile to determine whether there are reasonable approaches that could be used to adjust the
models for this bias.

7.3.2 Reporting Limits in Surveillance Data

Other naturally occurring biases in the surveillance data may influence the degree to which
models are representative of the true trends in childhood lead poisoning. For example, within the
context of the Broad-Based National Model, there may be differences between states and
localities in the manner in which childhood blood-lead testing results are reported to CDC.
Sections 2 and 3 included a discussion about a screening algorithm that was applied to the
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surveillance data to supress county/quarter data combinations for areas that were not conducting
universal reporting of blood-lead testing results. Additional scrutiny of these data by CDC and
other members of the lead poisoning prevention community may reveal other county/quarter
combinations that were not identified through the screening algorithm that should be excluded
from these analyses. We are confident that the overall impact of including these data in the
current work will not severely bias the fixed-effects parameter estimates in the series of
generalized linear mixed models developed in this project.

7.3.3 Selection Bias in Surveillance Data

Selection bias is perhaps the most serious bias that is yet left unaccounted for in the models that
have been developed, and may have severe impact on their predictive ability. Surveillance data
are observational by nature, and are not designed to be representative of the general population.
There are many competing forces that influence whether or not a child is screened at an
appropriate age, and recorded in the blood-lead surveillance database. Some have hypothesized
that surveillance data in the urban environment are representative of the affluent (who have
private health insurance) and the poor (who receive Medicaid or other medical assistance), while
under-representing the working poor (who may have no health insurance, and no mechanism for
receiving appropriate preventive medical testing). While this may be true in general, many
outstanding lead poisoning prevention programs currently are extending outreach, education, and
screening services to areas with historically high incidence of childhood lead poisoning. These
programs generally provide assistance to all members of the community, regardless of
entitlement status. While these services are typically offered in high-risk urban areas with the
infrastructure of a federally funded (CDC and/or HUD) or state-funded lead poisoning
prevention program, they typically are less available in similar high-risk rural areas without
similar infrastructure. In addition to outreach, education and screening activities, many
childhood lead poisoning prevention programs (or partnering housing agencies) receive funding
from HUD’s Office of Lead Hazard Control to conduct environmental investigations and reduce
lead hazards in the residential environment. Many of these activities generate targeted screening
of children living in deteriorated, older housing — which also is a non-trivial source of selection
bias in the surveillance data.

An important question for EPA to address is how selection bias is likely to influence the relative
rankings of counties within a region or census tracts within a more localized area, as well as the
predictive ability of the models themselves.

7.3.4 Limitations of Ecological Models for Predicting Within-Area Relationships

The models that were developed within this project are ecological models that describe quarterly
distributional summary statistics within geographic areas as a function of predictor variables
assessed within those same geographic areas. It also may be the case that some of these
predictor variables have significant variation within a county (or census tract) — and that this
within-area variation is highly predictive of risk of childhood lead poisoning within these
geographic areas. Unfortunately, the data limitations within this study (for both the blood-lead
response variables as well as many of the predictor variables) prohibit us from ascertaining these
important person-level relationships. This type of relationship can be established only by linking
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individual blood-lead concentration data with individual-level environmental, demographic,
and/or programmatic information (which usually is not available).

Within the context of the High-Resolution Massachusetts Model — it may be possible to link
individual blood-lead records with the longitudinal housing inspection information to assess the
loss of information associated with going from an individual-level model to an area-based
ecological model. This type of assessment could be introduced in later stages of this project.

7.3.5 Use of 2000 Census Data and Other Time Invariant Data as Predictors

One potential criticism of the modeling effort is that we are linking blood-lead surveillance data
collected between 1995 and 2006 to census data that were collected in 2000. Is the demographic
information collected in 2000 likely to remain unchanged over the course of time? The answer
probably depends on the variable under consideration. For example, age of housing in census
tracts or proportion of housing built prior to 1950 is not likely to change dramatically in census
tracts, unless there is a lot of demolition or new construction occurring. On the flip side, average
income is likely to change substantively over time.

Even though the demographic information contained in the 2000 Census is likely to change over
time, the more important question is what effect will that change have on our model predictions?
While the models likely would be improved with the use of more current census data for use as
predictors, we do not believe that the use of older (less current) information will result in poor or
inaccurate prediction. In fact, for the purpose of predicting current or future trends in childhood
lead poisoning, we are more concerned with the age of the surveillance data that are being used
as the response variable in this modeling exercise than with the age of the predictor variables.

Similar arguments can be made for the use of static air modeling data, and averaged information
from EPA’s Toxics Release Inventory.

7.4 Model Validation Issues

The risk index models developed as part of this project may require validation before being used
by childhood lead poisoning prevention programs throughout the country. The following four
issues might be considered by EPA as being important to address as part of this validation
exercise:

1. Within counties and/or census tracts that contribute blood-lead information to the
models, how representative is the screened population of children (on which the
models are based) of the general population of children?

2. Within counties and/or census tracts that do not contribute much information to the
models (e.g., counties with low screening penetration), how well does the model
perform at predicting relative risk and blood-lead distributions?

3. Can risk index models based on historical blood-lead data from 1995 through 2005

accurately predict risk and blood-lead distributions in future years (e.g., can it be used
to forecast towards the federal 2010 goal)?
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4. Can the High-Resolution Model developed in Massachusetts be generalized to predict
risk and blood-lead distributions in other states across the Nation (or even within EPA
Region 1)?

If EPA is to provide childhood lead poisoning prevention programs with a risk characterization
tool based on these models, a comprehensive validation should be pursued to address the above
four issues.

Validation of the Surveillance Data

The first issue is related to the quality of the data supporting model development. For example,
if CDC’s surveillance data are biased toward inclusion of high-risk children (as shown in the
comparisons to NHANES), the risk index models also will be biased and tend to over-predict
children at high risk. Note that if the bias is consistent among all counties and census tracts (i.e.,
it over-represents high risk children everywhere), the model predictions for the proportion of
children in each blood-lead category likely will be biased, while the ability for risk indices to
differentiate between high- and low- risk areas will be preserved. If the biases occur differently
in different areas, non-trivial adjustments to the model would need to be pursued prior to use by
childhood lead poisoning prevention programs.

Because the unit of analysis in the development of the Broad-Based National Model is at the
county level, the goal of a validation exercise would be to determine whether the distribution of
children’s blood-lead concentrations that are included in the surveillance data for a sample of
census tracts are representative of the general population of children found within those census
tracts. One possible approach, would be to develop a field testing validation survey, in which a
stratified random sample of counties are selected for a short-term outreach campaign in which
eligible children are sampled in a representative manner. Stratification variables to be
considered would be Rural/Suburban/Urban, predicted level of risk from the model, and possibly
levels of socio-economic status. Obviously, development of such a survey would be costly,
difficult to implement, and likely beyond the scope of this project. Alternatively, CDC might be
able to reveal the specific counties that participated in various waves of NHANES — with
comparisons being made in those specific counties. Access to the identification of the specific
counties from which NHANES study subjects were sampled (within the NHANES analysis
dataset) would provide this project with the best foundation to address the serious biases
identified in Section 7.2 and calibrate the model to ensure that it is more reflective of the U.S.
population.

Validation of the Models in Areas with Low Screening Penetration

This second issue relates to the performance of the risk index models in predicting both relative
risk and the number of children in different blood-lead categories in the census tracts that
historically had low screening penetration. Due to the fact that there is little to no data in these
geographic areas to determine the fit of the risk index models, some field studies similar to the
one described in the previous section would need to be conducted to address this issue. The
major difference between the two field studies is that the census tracts chosen for this validation
exercise would be tracts in which the screening penetration is low.
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A similar approach could be used to conduct this field validation exercise in which a stratified
sample of counties would be identified for the study, and a representative sample of children’s
blood-lead levels would be obtained within those census tracts using an intense, brief outreach
effort. The counties again would be chosen using a stratified random sampling approach, to
obtain a sample of tracts that represents a combination of high-, medium- and low-risk areas in
the rural, suburban, and urban environments. This is an area for potential future collaboration
with CDC and perhaps some of their lead poisoning prevention grantees.

Validation of the Models in Predicting Future Blood-Lead Concentrations

Validation of this third issue can be performed to a certain extent using data that are already
available as part of the modeling process. For example, in the national model where data are
available from 1995 through 2005, data for a state or set of states can be removed for one or
more years and the missing data predicted by the model. If all 2005 data were removed, models
would be developed using the data from 1996 through 2004, and then the “future” predictive
ability of those models can be assessed by applying them to the data from 2005.

Validation of the Models in Predicting Blood-Lead Concentrations in Other Geographic Areas
The last type of validation involves the determination of synergies (or lack thereof) in prediction
between the Broad-Based National Model and the High-Resolution Model. Conceptually, we
should be able to aggregate the modeling predictions from multiple census tracts within a county
from the low-resolution model and match the county-level predictions from the Broad-Based
National Model. Due to the fact that the National Model and Massachusetts Models were
developed independently, using different data sources for the surveillance data (CDC and
MDPH), and utilizing different predictor variables — these synergies may not exist.

Further work on integrating the Broad-Based National Model with the High-Resolution Model
(or multiple high resolution models if EPA is successful at expanding this project to include
multiple additional programs) can be done by fitting these two types of models jointly under the
concept of hierarchical linear modeling. This type of model, while more sophisticated and
computer-intense, can be developed using specialized software under a Monte-Carlo Markov
Chain Bayesian formulation.

7.5 Other Recommendations for Immediate Future Work

The previous sections within Chapter 7 focus on various important issues related to the
development of models to predict risk of childhood lead poisoning at the geographic level,
including calibration to the nationally representative trends over time observed in NHANES,
assessment of the potential impact of a variety of important biases and other data quality issues,
and various model validation exercises that can be explored. EPA also has been including other
state and local lead poisoning prevention programs as part of the project conference calls in
anticipation of developing additional High-Resolution Models as part of follow-up work to this
project. While these are all worthy tasks to pursue as part of future work, there are some
additional analyses that the project team would recommend pursuing on the Broad-Based
National Model as well as the High-Resolution Model within Massachusetts prior to approval of
this report as a final report. These activities include the following:
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Broad-Based National Model

0 CDC grantee relationship managers may have insight into data quality issues
(such as the previously discussed laboratory minimum reporting values, and not
following universal reporting guidelines) for specific geographic areas and
periods of time. Additional scrutiny of these data could be used to improve the
quality of the blood-lead response data that serves as a basis for these models.
The maps and visualization tool should help foster this review of the data.

0 In addition to the above data review —further investigation into using urban vs.
rural status as a potential effect modifier in the analyses also is recommended.
Differentiating between urban and rural areas can be conducting in numerous
ways, including:

= Determining whether the county is part of a Metropolitan Statistical Area
within the 2000 US Census

= Identification of the counties that contain the U.S. top 100 (or 200) cities
based on population size

= Use of a population density score (with a cut-off value).

Use of this variable as a potential effect modifier might include fitting separate
intercepts and slopes for the effects of time and seasonality within the different
regions of the country, as well as the potential for using different environmental,
programmatic, and demographic predictor variables in these two area types in the
multivariate predictive models.

0 Once the proper way of handling the potential effect modifier for rural versus
urban areas — the exploratory analyses that assess the predictive ability of each
candidate environmental, programmatic, and demographic variable could be refit
in a manner consistent with the baseline effects that will be included in the model.
Thus — rather than assessing the predictive ability of a candidate variable after
adjusting for the downward trend of time, it should be assessed after adjusting it
for region, region*time, region*seasonality, and potentially region*urban/rural.

High-Resolution Model in Massachusetts

Due to the fact that we know that Massachusetts followed universal screening and
reporting guidelines during the entire period of observation (2000-2006), and the fact that
these data have been used previously to support federally funded research projects — there
is less concern about some of the previously mentioned data quality issues. This does not
mean that the Massachusetts data are not potentially biased or flawed, as there are still
probable selection biases and potential geocoding biases that were introduced into the
analysis dataset that supports the High-Resolution Model. Our collaborators at the
Massachusetts Department of Public Health are invited to review and comment on this
work, and add their insight and experience in making recommendations on additional
ways of handling the various data sources that were integrated into this model.

It also is recommended that comparisons be made between the observed and predicted

data from the Broad-Based National Model for counties in Massachusetts (based on the
input data received from CDC) with the observed and predicted data from the High-
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Resolution Model (based on the input data received from MDPH) by aggregating the
observed and predicted census tract data within Massachusetts to the county level.

Finally, pursuit of some additional analyses of the individual-level data from MDPH is
recommended — by linking individual blood-lead testing results on children over time to
the housing inspection results (as well as other census-tract level predictors that were
used in the current High-Resolution Model). This will help identify the degree of
information loss experienced by pursuit of the ecological models of aggregate summary
data.
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