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Abstract: Since 2000 census, the American Community Survey (ACS) publishes poverty rate data
based on five-year estimates only. We look at poverty rate estimation in two stages. In part 1, a
situation where 5% of the poverty rate data is purposely missing from census tracts is simulated.
Several interpolation methods were tried in GIS including Empirical Bayesian Kriging (EBK) and
local polynomial interpolation (LPI). It is seen that using the EBK method a mean absolute percent
error (MAPE) of 4.1% in the estimation process can be achieved as validated by the 2007-11 five
year interval estimates of ACS poverty data.
In part 2, the census tract poverty rates from 2000 as well as the ACS five year interval
estimates from 2005-09, 2006-10 and 2007-11 were processed by first devising a procedure for
unifying the underlying variable census tract geography. Then, poverty data for the time periods
were used to create three dimensional poverty rate surfaces using the EBK method. Geographically
Weighted Regression method enabled validation of the prediction process with a very low MAPE of
1.5% in comparison to the predicted poverty surface, followed by prediction of poverty rates across
census tracts for a “future” period in time.
Keywords: Poverty rate, Kriging, Interpolation, Small area, Geographically weighted regression,
Census tracts, Prediction
JEL Classifications: C11, C15, Y10

1. Introduction
Missing data from available sources has been problematic not only in the field of social
sciences (poverty rate, disease prevalence, etc.) but also in physical sciences (precipitation,
temperature, etc.) Data is missing due to a variety of reasons including not having an adequate
sample size to derive at certain prevalence over a certain period of time or extenuating
circumstance(s) preventing the data-gatherer from measuring and collecting the data. Traditional
methods include imputation and deletion (see for example, Pigott, 2001, Little and Rubin, 2002)
with inherent estimate biases associated with these methods. This paper looks at interpolation as a
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method for addressing missing data. Bennett, Haining and Griffith (1984) compare different
methods of dealing with missing data including cartographic interpolation and statistical
approaches.
The authors approach the poverty rate problem in two stages. In the first stage, given a set of
poverty rates, i.e., percentage of persons below the federal poverty level at the census tract level at a
given period in time, methods are evaluated to estimate the poverty rates that are purposefully
missing in some of the census tracts. This is especially important since starting from the year 2010,
the census long form which used to gather information at the small geography level is no longer
used. Therefore, for poverty rates of small geographies, one has to rely on the American
Community Survey (ACS) estimates. Since census tracts typically have much less than 20,000
people, the ACS 5-year release files need to be used to access such information. In order to
overcome some of the deficiencies associated with the ACS, the Census Bureau used decennial data
in combination with post-censal population estimates and administrative records to provide more
accurate one-year survey estimates known as Small Area Income and Poverty Estimates (SAIPE) at
the county and school district levels (US Census Bureau 2013). Despite these releases sometimes
poverty rates (based either on person, family or household) is missing in some of the small areas.
The authors investigate GIS methodologies to interpolate the missing value(s) using a variety of
techniques and validate the methods. Existing methods to handle missing or misclassified data in
poverty rates estimation include using modified probability distributions (Nicoletti et al., 2011,
Horowitz and Manski, 1995, and Molinari, 2008) and assigning the contributions due to
measurement errors and missing data. Mendez-Luck et al. (2003) used a logistic regression model
to predict poverty rates in assembly and congressional districts and concluded that the estimates of
uninsured rates were accurate particularly for Central Valley and Southern California.
Interpolation methods are frequently used when continuous variables are involved, for
example elevation, temperature, rainfall, pollutant concentration, etc., usually available in the form
of point data, i.e., with a given x-, y- location. In the social sciences, there have been some
interpolation applications, for example, in housing price estimation (Martinez et al., 2000). An
excellent review article by Anselin (1999) looks at geospatial applications traditionally employed in
engineering and physical sciences also being used more widely in social sciences including
econometrics.
As Krivoruchko and Krause (2011) state, certain criteria have to be met before
spatial interpolation methods can be used successfully such as normality of underlying data,
stationary behavior, no clusters or no trends. As we proceed with the methodology we will
evaluate how well these requirements are met with respect to poverty rate data modeling and how
well the results are validated. In the second stage we analyze how the poverty rate in a given census
tract changes with time as outlined in section 2.2 of this paper.

2. Methods
2.1 Part 1- Estimation of Missing Poverty Rates
In Part 1 of this report, we use kriging and polynomial interpolation methods to estimate
poverty rate in missing census tracts in New Mexico. Although 100% data is available across all
census tracts except one, the poverty data in some select census tracts were left out on purpose and
considered “missing” so that via various interpolation techniques their values can be computed and
compared with the true values to enable validation. Unlike counties, the geographical extent
associated with a census tract on the average is relatively small and there are currently 499 census
tracts in New Mexico covering the 33 counties.
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We first analyze spatial autocorrelation effects in New Mexico due to the well-established
observation that spatial clustering effects are often present when socioeconomic variables such as
poverty rate or median household income are analyzed. Spatial autocorrelation is a method to
characterize clustering. In other words, do predominantly poorer census tracts lay in adjacency to
other predominantly poor census tracts, as also are relatively affluent census tracts cluster together
with other relatively affluent census tracts? The person poverty rates based on the 2006-10 ACS
data was used for this analysis.
Figure 1 shows the spatial autocorrelation effects created based on queen contiguity, i.e., a
census tract neighborhood defined as all census tracts touching it on the edge or vertex. In Figure 1,
HH represents a “high-high” type of autocorrelation, i.e., census tracts with high poverty rates are in
contiguity with other high poverty census tracts. This phenomenon is observed mostly in the
northwest and southwest portions of the state. LL standing for “low-low” spatial autocorrelation
occurs in the central and north-central regions corresponding to northern Bernalillo, Santa Fe and
Los Alamos counties. Low poverty rate tracts are predominantly surrounded by other lower
poverty census tracts for this case. The vast majority of the rest of the census tracts exhibit poverty
rates that are not influenced by their neighboring census tract poverty rates and thus overall the
clustering of poverty rate data across the 499 census
tracts of New Mexico can be considered minimum.
This observation is important when we consider one of
the requirements for using spatial interpolation
techniques. The second requirement for successful
use of spatial interpolation techniques is for the
underlying distribution to be normal or at least as close
to normal as possible. Depending on the interpolation
technique, some methods tolerate a higher degree of
departure from normality. As an example, using the
person poverty rates from ACS 2007-11 five year
interval estimates, the data is reasonably normal as
evidenced by proximity of mean to median. However,
via the use of raw data transformation, the normality
can be improved, which is discussed below. While
local areas of small clustering are observed overall the
data shows no trends. Stationarity of the underlying
data was addressed using transformation and use of
interpolation techniques that are robust to potential
non-stationary behavior of data.
Much of the
validation
of
the
interpolation
techniques’
requirements is a posteriori.
Figure 1. Spatial autocorrelation of 2006-2010 five year interval
estimates of individual poverty rates from ACS
We next look at the 2007-11 ACS poverty rates. Although poverty rate was missing for just
one census tract with GEOID of 35043940300 in Sandoval County, for this simulation exercise, we
chose a 5% sample and pretended that the poverty rates were not available for those tracts. Thus,
out of 499 census tracts, 25 additional census tracts were chosen to be “missing data” candidates.
The selection was accomplished using proportional sampling. In other words, the counties that had
the most census tracts had the highest probability of being included in the sample. For the
selection, the census tracts were arranged by ascending census tract GEOID in ArcMap and every
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21st element was chosen. “Null” values were entered for the person poverty rates for the ACS data
for these chosen 25 census tracts. The basic interpolation procedure is as outlined in the following.
Using the ACS 2007-11 poverty rates for the 473 census tracts (499 minus 26) an interpolation
model was fitted using the Geostatistical Analyst tool in ArcMap. The methods used and
parameters vary but can be broadly classified as (1) empirical Bayesian kriging (EBK) or (2) local
polynomial interpolation (LPI). Within each method there are variations in parameters, for
example, in EBK method, a maximum and minimum number of neighbors can be specified for the
interpolation. For the LPI method, the order of the polynomial can be varied from 1 to 10 as well as
the inclusion of weighting variables. Spline methods were not considered for the study because at
the time of this research the software used did not have this option. Irrespective of the method, the
dependent variable can be analyzed as such, i.e., the poverty rate expressed as a decimal or
transformed. The transformation in our case involved a logit transformation. Since the poverty rate
is bounded in the interval [0, 1], using the logit transformation results in a distribution that is more
normally distributed. The logit transformation of poverty rate r expressed as a decimal is given by

Or conversely, given the logit L, we can find the poverty rate r using
r = logit-1(L) = eL / (1+eL)

(2)

Once the three-dimensional interpolation surface has been created using the methods discussed
above with either transformed or untransformed poverty rate data, the validation step would involve
computing the poverty rates for those census tracts with “missing data”, comparing the
computations against the actual published values and evaluating a root mean square error (RMSE).
The RMSE is calculated by using the squared deviation of the percentage point’s departure of the
model prediction value from the actual value, averaging it over the 26 census tracts and finding its
square root. By such a process both positive and negative deviations are faithfully accounted for
and the method is akin to the MAPE (Mean Absolute Percent Error) used in trend estimations and
forecasting. The RMSE and MAPE are used consistently as the metric for comparing the
“goodness” or accuracy of the models during validation. While RMSE and MAPE are indicator of
the accuracy of prediction, another measure called MALPE (Mean Algebraic Percent Error)
provides an estimate of the bias in prediction. For example, MALPE>0 indicates an overall positive
bias (over-prediction of poverty rate) whereas MALPE<0 indicates a negative bias (underprediction of poverty rate).
EBK was chosen as one of the interpolation methods since it is deemed more accurate than
other kriging methods and there is no need for user-defined parameter adjustment. Also, the
method is more tolerant to moderately non-stationary data (Krivoruchko and Krause 2011). LPI, on
the other hand, uses data from the neighborhood to fit a local model, one for each overlapping
neighborhood. User parameters are adjustable, for example, the degree of the polynomial as well as
whether the dependent variable needs weighting by a parameter such as the census tract population.
In all the cases, after fitting a surface, the poverty rate values at the “unknown” locations were
computed using a GIS shapefile containing the centroids of the census tracts as the source data. For
the cases that used the logit transformation, after the interpolation and estimation processes, an
inverse logit operation was performed in ArcMap using equation (2) above and the field calculator.
2.2 Part 2-Projection of Poverty Rates into a “Future” Time Period
In Part 2 we look at information available during multiple periods of time such as the ACS five
year poverty rate interval estimates for 2005-09, 2006-10, 2007-11 as well as Census 2000 with the
goal of converting them to a common geography. Using this information, we look at methods of
modeling the change of poverty rate across time for each census tract. We start from those surfaces
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defined for each time period, for example the year 2000, the ACS five year interval poverty rate
estimates for 2005-2009, 2006-2010 and 2007-2011 vintages and devise a technique for projecting a
new poverty rate surface into the “future”, for example, the next five year release of the ACS
poverty rate (the 2008-2012 five year ACS interval estimates in this case). It should be mentioned
that this study was conducted in early 2013 and the most recent ACS data available was for the
2007-2011 time frame. Prior to accomplishing the projection, it is first necessary to define the base
for the available data sets using a common geography. The 2000 data and the 2005-2009 ACS five
year interval estimates were based on the 2000 census tract geography, which for New Mexico
consisted of 456 census tracts. However, the 2006-2010 and 2007-2011 ACS five year releases
were based on the 2010 census tracts geography which has 499 census tracts. This makes the time
series projection difficult unless all the four data sets are available for the same geography, say
using the 2010 basis. Thus, a methodology has to be developed first to accomplish this conversion
using GIS. In this paper the term “projection” is used rather loosely to denote prediction of values
that have not been published yet at the original time of writing this paper.
A poverty rate can be expressed in several different ways, including per person, per family, or
per household. Regardless of the unit of analysis, the poverty rate is expressed as a decimal, ratio
or percentage of the number of units (persons, families, households) that are below the federal
poverty level in a given area. Since the poverty rates expressed in different ways are proportional to
each other, for the analysis to follow we consider only the person poverty rate. Based on the
poverty rate ri,t at tract location i and time t, the number of persons below the poverty level, Npoori,t
can be expressed as
Npoori,t = Population i,t * ri,t

(3)

The index i runs from 1 through 456 for t=2000 and t=2005-09 time periods and it runs from 1
to 499 for t=2006-2010 and t=2007-2011.
Using the tract ID, the poverty rates were joined to the corresponding tract geography
shapefiles resulting in two shapefiles each containing poverty rate information for the two time
periods. An intersect operation was performed in ArcMap between the two shapefiles containing
the respective 2000 and 2010 tract and associated poverty rate information. This resulted in a total
of 2,780 smaller polygons. The area of each such polygon was computed in ArcMap and
designated as Poly_Aj. The number of people living in poverty corresponding to the year 2000 and
the ACS period 2005-2009 living in the jth small polygon of area Aj can be computed as
Npoor j,t_C= Poly_Aj x Npoorj,t / Parent Tract Area

(4)

In the same manner the population in the jth small polygon was computed as
Population j,t_C= Poly Aj x Population j,t / Parent Tract Area

(5)

The post-script _C in the above two equations refer to the “contribution” from each small
polygon j (j=1 through 2,780) to either the number of people below poverty level or the population
itself in equations (4) and (5), respectively.
Following these computations, the geographic boundaries of the small polygons were
dissolved using the Census 2010 tract GEOID making sure to sum equations (4) and (5)over all j
and corresponding to t=2000 and t=2005-09 separately. Now we have both the number of persons
in poverty as well as the total number of persons for each time vintage, however, as though they
were living inside the 2010 census tract boundaries. The poverty rate in each 2010 census tract
corresponding to time period t is calculated using
r i,t_ID10 = Npoor i,t_ID10 / Population i,t_ID10
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where the values for the numerator and denominator on the right hand side of equation (6) are
substituted from calculations from equations (4) and (5). In equation (6) the suffix _ID10 is added
to indicate that no matter what the vintage of the poverty data, it has been converted to 2010
geographies. Obviously the geography conversion is not needed for the poverty rate data from the
ACS 2006-10 and 2007-11 time frames since the data is already based on 2010 tract geographies.
In order to create a smooth, three-dimensional surface over the entire state for each time period
with the poverty rate representing the z-height (elevation), the poverty rate was first expressed as a
decimal and then transformed to logit using equation (1). Then the transformed poverty rate values
for each time period and for all the 499 census tracts were fitted using the Empirical Bayesian
Kriging procedure with four minimum and eight maximum neighbors. As descried in part 1, this
method provides the most accurate fit. The advantage of the interpolation process is that any
missing data can automatically be taken care of.
Initial attempts to fit the four surfaces in a time series model resulted in poor results.
Therefore, the following method was used to validate the poverty rate prediction model. Using the
ACS 2007-2011 poverty rate (the latest available data at the time of the research project) as the
dependent variable, a Geographically Weighted Regression (GWR) model was run using the
poverty rates of the three preceding time periods as the independent (explanatory) variables (i.e.,
ACS poverty rates from 2006-2010, 2005-2009 and 2000).
r i,t = bi + C1,i [r i,t-1] + C2,i [r i,t-2] + C3,i [r i,t-3] + ε

(7)

where the index i refers to a census tract, t refers to time frame, bi represents the intercept term, the
C’s represent the geography-dependent regression coefficients and ε the error term. The regression
coefficient C1 is for the 2006-2010 time period, C2 for the 2005-2009 period and C3 for the 2000
vintage. Note that the suffix _ID10 has been omitted from equation (7) since it is implied that all
the variables in equation (7) pertain to 2010 census tract geographies.
The advantages of GWR include quantification of spatial autocorrelation effects, if any, and
using local, geography-dependent regression coefficients and intercepts to make predictions, thus
enabling the regression residuals to be space-independent. Consequently, the resulting R2 values are
also local (Vasan et al., 2012). Once the predicted and observed poverty rates are compared and the
model deemed satisfactory, then using the same local regression coefficients, a prediction of the
ACS 2008-2012 “future” poverty rate is possible using the poverty rates from 2007-2011, 20062010 and 2005-2009 as the independent variables. The results of GWR validation and prediction
are shown in the next section.

3. Results
3.1 Part 1- Estimation of Missing Poverty Rates
ESRI’s ArcGIS 10.1 software was used for mapping, analysis and calculations. The analysis
was done during the early part of 2013 using the data available at that time. The authors are
grateful for the reference maps supplied with the site software license with redistribution rights
granted by the vendors that include ESRI (USA, Japan, Thailand, and China), DeLorme, NAVTEQ,
USGS, Intermap, IPC, NRCAN, METI and TomTom 2012.
Table 1 shows the summary results for the 13 interpolation models attempted. Methods 1
through 6 use the EBK method and Methods 7 through 13 uses LPI. Methods 1-3 and 12-13 use
untransformed poverty rates, whereas Methods 4-11 use logit transformation of the poverty rate.
Methods 7-10 and 13 use the tract population as a weighting factor during the interpolation. The
LPI methods can use varying degrees of polynomial although a degree of 3 or less is recommended.
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In general, the following observations can be made:
(1) Whether one uses RMSE or MAPE to assess the accuracy, it is seen that the two measures
are proportional to each other.
(2) The EBK methods provide a more accurate estimate of the poverty rate (5.8% vs. 9.1%
RMSE, on the average or 4.7% vs. 7.5% MAPE, on the average).
(3) Within the EBK method, logit transformed data provides the better estimate and the
procedure with four minimum and eight maximum neighbors gives the lowest error of all
13 methods (RMSE of 5.3%). For the sake of comparison, an Inverse Distance Weighting
(IDW) interpolation procedure using the same number of neighbors and tract population for
weight yielded an RMSE of 6.0% (results not shown).
(4) Irrespective of the method, the MALPE calculations indicate a positive skew, in general,
meaning the methods (except Method 4) over-predict the poverty rate. The average
MALPE for the EBK methods is 1.6% compared to 1.9% for the LPI methods.
Table 1. Summary of the 13 methods tested and validation results
Method No.
1
2
3
4
5
6
7
Interpolation Method EBK EBK EBK EBK EBK EBK LPI

8
LPI

9
LPI

10
LPI

11
LPI

12
LPI

13
LPI

Logit Transformation No
No No Yes Yes Yes
Max/Min Neighbors 15/10 8/4 4/4 15/10 8/4 4/4
Weighted
------Polynomial degree
N/A N/A N/A N/A N/A N/A

Yes
-Yes
10

Yes
-Yes
5

Yes
-Yes
3

Yes
-Yes
1

Yes
-No
3

No
-No
3

No
-Yes
3

RMSE %
MAPE %
MALPE %
Skew (Absolute Per
cent Error)

14.2
10
4.5

8.3
7
0.6

8.1
7.1
0.4

7.7
6.3
0.9

7.9
6.7
0.6

8.6
7.5
3.1

9.0
7.9
3.1

6.1
5.2
2.0

5.8
4.8
2.6

6.3
5
2.8

5.9
4.8
0.0

5.3
4.1
0.9

5.6
4.4
1.2

0.51

0.55 1.03 0.82 0.33 0.47 2.00 0.65 0.81 0.51 0.78 0.09 0.14

In Table 1 is also shown the value of skewness for the Absolute Percent Error (APE)
distributions based on each method used. A positive value of skew indicates that the distribution of
APEs is skewed to the right whereas a negative value indicates a left skew. All methods result in a
positive skews of different degrees. For distributions that are highly skewed in the positive
direction (i.e., a long right tail), Swanson, Tayman and Bryan (2011) and Coleman and Swanson
(2007) suggest using MAPE-R, a rescaled version of MAPE. As it can be seen, the method which
is the most accurate (Method 5) also provides the lowest positive skewness among all EBK
methods. As a result, analysis using MAPE-R was not resorted to as we proceed in the following
using Method 5 hereafter.
Figure 2 shows the predictions based on the EBK method with logit transformed poverty rate
and minimum of 4 neighbors and maximum of 8 neighbors. The display of predicted poverty is in
logit units, meaning more positive the logit, higher the poverty rate. As can be derived from
equation (1) a poverty rate of 50% or more would result in positive logit transformed values. The
highest poverty predictions are shown in red hues in Figure 2. While the interpolation process did
not take the poverty rates of the “missing data” tracts into account, the prediction surface is able to
cover the entire state. The green points shown in Figure 2 correspond to the centroids of the tracts
with “missing” information.
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Small area poverty rate estimates have been
explored for example, for Spain using the Empirical
Bayes method (Molina and Rao, 2010), for
Australia using microsimulation techniques (Tanton
et al., 2011) and for Nepal (Haslett and Jones,
2010). The methods typically target sub-county
level areas and model income and other indicators
to estimate poverty. This research, however, uses
published poverty rate data from the United States
Census Bureau either in order to simulate missing
data in census tracts or to predict poverty rate at a
future time period using a geographically weighted
regression technique as shown in the next section
and thus considered novel.
Figure 2. Poverty rate estimation using Empirical
Bayesian Kriging method. Contour values are for
logit (poverty rate)

3.2 Part 2 - Projection of Poverty
Rates into a “Future” Time Period
Figure 3 shows the R2 values for the GWR
model when the 2007-11 poverty rate data was
used as the dependent variable in equation (7). As
is well known in statistics, the R2 value explains
the contributions from the predictor variables as a
proportion to the population estimate (Miles,
2005); closer the value is to 1.0, better the model
prediction of the dependent variable based on the
chosen predictor variables. It is seen that the
magnitude of R2 values is excellent from a
minimum of 0.86 to a maximum of 0.96 implying
that the regression model fits the data very well.
The condition numbers for each tract is less than
30 indicating no multicollinearity issues.
Figure 3. Geographically Weighted Regression
Model: Prediction of 2007-11 poverty
rate and local R2 values
Figures 4 and 5 on the next page compare the
predicted poverty rates to the actual ACS poverty data for 2007-2011 five year interval estimate.
Figure 6 shows the difference in percentage points between predicted and actual poverty rates
for the census tracts and Figure 7 shows a scatter plot of predicted versus actual poverty rate for the
same time period. It is clear that the prediction is excellent. The Mean Absolute Percentage Error
(MAPE) based on percentage points of difference between predicted and actual poverty rates
(derived from the fitted surface) is 1.5% over all the census tracts. Given that the margin of error of
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poverty rate is sometimes as high as one-half or more of the poverty rate in the ACS estimates, we
consider our prediction to be very good. The GWR used the poverty rates computed from the EBK
surface for the 2006-10 time frame, the 2005-09 time frame and the year 2000 vintage as
independent variables which themselves were computed using logit transformation over the
geography for each time frame.

Figure 4. Poverty rate predicted by GWR Figure 5. ACS Poverty data, actual, 2007-2011
Figure 6. Percentage point difference between
predicted and actual poverty rate, 2007-2011(left)
The three geographically dependent regression
coefficients for the respective prior poverty rates
namely C1, C2 and C3 are shown in Figures 8-10 on
the next page. By examining the magnitude of the
coefficients it is clear that the most recent poverty
time frame has the most positive influence on
current prediction with the previous time frames
exerting lesser influence. These coefficients along
with the local intercepts have indeed captured the
space and time effects of the poverty rate.
Since the GWR has been validated as a good
predictor of poverty rates for the ACS 2007-11 time
frame, using the same regression coefficients and
intercepts, it is possible to project poverty rates for
a future time frame, i.e., ACS 2008-12 for which
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data has not been published yet at the time of this research project (May 2013).

Figure 7. Scatter plot of predicted and observed poverty rates across census tracts, 2007-11 time frame

Figure 8. (Left) Variations of the regression coefficient for the most recent time frame (C1)
Figure 9. (Middle) The second most recent time frame (C2)
Figure 10. (Right) The third most recent time frame (C3)
The poverty rate projection is shown in Figure 11 for this “future” time period. Comparing the
future predictions to the 2007-11 actual poverty rates, the trend in poverty rate can be calculated.
This is mapped in Figure 12 where a negative value of trend shows that the poverty rate is
decreasing and a positive value indicates that the poverty rate is increasing.
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Figure 11. GWR prediction of “future”
poverty rate in New Mexico
Figure 12. Predicted poverty rate trend by census tract. Negative values indicate a forecasted
decrease in poverty rate (greener hues) and positive values indicate an increase
(yellow to red hues)
Close up maps around the larger metropolitan areas of Albuquerque/Rio Rancho, Santa Fe,
Las Cruces, and Farmington are shown in Figures 13-16 respectively. Such maps are useful to
policy planners in program planning with respect to economic development.

4. Conclusions
(1) We have demonstrated that the EBK method with the appropriate choice of neighbors and
using logit transformed poverty rate is a satisfactory method for estimating poverty rate in
small areas with missing information. Due to the relatively smaller average size of the tract
geography, it has been possible to drape a “logit-poverty rate “surface over the entire state
and interpolate for the required z-values in the projected x-y plane corresponding to
unknown x, y locations.
(2) We have also demonstrated that despite changing geographies between decennial censuses,
poverty rates can be unified and reported based on current geographies. Then, the variation
of poverty rate across space and time can be modeled in separate steps.
(3) At any given point in time, a three-dimensional poverty rate surface can be constructed
across all census tracts in the state using Empirical Bayesian Kriging interpolation
procedure. Once a uniform, well-defined surface with no holes (i.e., missing data) has been
generated for each time point, this surface can be projected into the “future” which enables
prediction of the trend in poverty rates across census tracts. Geographically Weighted
Regression technique has been satisfactory in this effort with excellent validation results
based on the latest available ACS five year poverty rates.
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Figures 13-16. Poverty trend prediction in metropolitan areas:
Top left: Albuquerque/Rio Rancho; Top right: Santa Fe;
Bottom left: Las Cruces; Bottom right: Farmington.
Note: Negative values indicate a forecasted decrease in poverty rate (greener hues)
and positive values indicate an increase (yellow to red hues)

References
[1] Anselin, L. (1999). “The Future of Spatial Analysis in the Social Sciences, Geographical
Information Sciences”. Journal of Chinese Professionals in Geographic Information Systems,
5(2): 67-76.
[2] Bennett, R., Haining, R. and Griffith, D. (1984). “The Problem of Missing Data on Spatial
Surfaces”. Annals of the Association of American Geographers, 74(1): 138-156.
[3] Coleman, C. and Swanson, D. (2007). “On MAPE-R as a Measure of Cross-sectional Estimation
and Forecast Accuracy”. Journal of Economic and Social Measurement, 32(4): 219-233.
[4] Haslett, S.J., and Jones, G. (2010). “Small-Area Estimation of Poverty: The Aid Industry
Standard and its Alternatives”. Australia New Zealand Journal of Statistics, 52(4): 341-362.
[5] Horowitz, J.L., and Manski C.F. (1995). “Identification and Robustness with Contaminated and
Corrupted Data”. Econometrica, 63(2): 281-302.

~ 12 ~

Review of Economics & Finance, Volume 6, Issue 3
[6] Krivoruchko, K., and Krause, E. (2011). “Concepts and Applications of Kriging”. ESRI
International User Conference, San Diego, CA.
[7] Little, R.J.A. and Rubin, D.B. (2002). “Statistical Analysis with Missing Data”, 2nd edition, New
York: John Wiley.
[8] Martinez, M.G., Lorenzo, J.M.M. and Rubio, N.G. (2000). “Kriging Methodology for Regional
Economic Analysis: Estimating the Housing Price in Albacete”, International Advances in
Economic Research, 6(3): 438-450.
[9] Mendez-Luck, C., Wallace, S., Yu, H., Meng, Y-Y., and Chia, Y. (2003). “California’s New
Assembly and State Districts: Geographic Disparities in Health Insurance Coverage”, UCLA
Center for Health Policy Research, [Online] available at
http://research.policyarchive.org/17865.pdf
[10] Miles, J. (2005). “R Squared, Adjusted R Squared”, In: Everitt, B.S. and Howell, D. (Eds),
Encyclopedia of Statistics in Behavioral Science, Volume 4, NY: John Wiley & Sons, Ltd.
[11] Molina, I, and Rao, N.K. (2010). “Small Area Estimation of Poverty Indicators”. The
Canadian Journal of Statistics, 38(3): 369-385.
[12] Molinari, F. (2008). “Partial Identification of Probability Distributions with Misclassified
Data”. Journal of Econometrics, 144(1): 81-117.
[13] Nicoletti, C., Peracchi, F., and Foliano, F. (2011). “Estimating Income and Poverty in the
Presence of Missing Data and Measurement Error”. Journal of Business & Economic
Statistics, 29(1): 61-72.
[14] Pigott, T. (2001). “A Review of Methods for Missing Data”, Educational Research and
Evaluation, 7(4): 353-383.
[15] Swanson, D., J. Tayman, and T. Bryan (2011). “MAPE-R: A Rescaled Measure of Accuracy
for Cross-Sectional, Sub-national Forecasts”. Journal of Population Research, 28(2): 225-243.
[16] Tanton, R., Vidyattama, Y., Nepal, B., and McNamara, J. (2011). “Small Area Estimation
Using a Reweighting Algorithm”. Journal of the Royal Statistical Society, 174(4): 931-951.
[17] United States Census Bureau (2013). “Small Area Income and Poverty Estimates (SAIPE):
2012 Highlights”, Washington, DC: U.S. Government Printing Office.
[18] Vasan, S., Alcántara, A., Nefertari, N., Ruan, X. and Baker, J. (2012). “Geography is Destiny?
A Spatial Regression Model for Elementary School District Performance in a New Mexico
Public School District”. Data User’s Conference, Bureau of Business and Economic
Development, Albuquerque, USA.

~ 13 ~

