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Abstract
This case study shows how GIS and Expert Judgment can be used to develop small 
area population forecasts in the United States. It starts by organizing 2000 and 2010 
block group population data into the 2020 block group geography and then exam-
ines 2020 indicators used to evaluate the effect of Differential Privacy on the 2020 
population data. Preliminary population projections to 2050 are then generated by 
averaging the results of three standard small area projection methods. Using local 
expert judgment, GIS overlay maps and satellite imagery in a virtual environment, 
the 301 block groups of Greenville County, South Carolina were classified into 
seven categories of future population change. These categories were then applied to 
the preliminary projections to generate informed forecasts. Following this step, the 
sums of the BG results were then compared, respectively, to independently gener-
ated county population forecasts for 2030, 2040, and 2050. At this point, 25 BGs 
were selected for additional review, which resulted in a final set of forecasts. We 
find that the increase of 152,840 people in the year 2050 spread over all of the 301 
census block groups in going from the preliminary projections (675,626) to the final 
informed forecasts (828,467) is largely generated by these same 25 BGs, which 
expert judgment determined were currently poised to “take off” in terms of popula-
tion growth. Having this much change generated by such a small number of BGs is 
consistent with findings elsewhere.

Keywords GIS · Differential privacy · Satellite imagery · Model-based theory · 
Virtual environment

1 Introduction

Forecasting is always at the forefront of decision-making and planning (Petropoulos 
et al., 2022) and in this paper, we use the case study approach (Swanson & Morri-
son, 2010) to provide an example of population forecasting that we believe is at the 
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leading edge of this forefront because it combines expert opinion and algorithmic 
procedures, a suggestion found in Zellner et al. (2021). Before turning to a descrip-
tion of the study and our results, however, we first describe our major objectives, 
which is followed by a discussion of key concepts and terminology in regard to 
population forecasting. After this discussion we provide a conceptual overview of 
the strengths and weaknesses of population projection methods. The paper then pro-
ceeds with a description of the data and methods, followed by a description of the 
results. The paper concludes with a discussion of the results in which some time 
is spent on the current and future state of small area population data, to include 
forecasting and estimation because of the effect on the reliability of small area data 
caused by the decision of the U.S. Census Bureau to apply “differential privacy” to 
the 2020 census as its new disclosure avoidance system (Hauer & Santos-Lozada, 
2021; Hotz & Salvo, 2022; Ruggles & Van Riper, 2022; Sullivan, 2020, pp. 69–83; 
Swanson & Cossman, 2021; Swanson et al., 2022; Winkler et al., 2021).

1.1  Major Objectives

The major objectives we have in this paper are fourfold. First, we present the case 
that all population forecasts require the exercise of judgment and theory and that 
the former needs to be based on knowledge and experience while the algorithmic 
method(s) used in calculating population projections should be grounded in demo-
graphic theory.

Second, we argue that a given forecasting method’s strengths and weaknesses 
largely stem from four sources: (1) Its correspondence to the dynamics by which 
a population moves forward in time; (2) the information available relevant to these 
dynamics; (3) the time and resources available to assemble the information required 
by one or more theoretically-grounded algorithmic method(s) to generate one or 
more projections and then apply knowledge and experience to the projection(s) in 
order to generate a forecast; and (4) the information needed from the forecast.

Third, by tying together the first and second objectives we present the argument 
that as experience, objectivity and knowledge increase, the accuracy of the forecast 
is likely to increase when it is based on one or more theoretically-grounded algorith-
mic method(s).

Fourth, we describe in this paper a process that illustrates how small area popula-
tion forecast accuracy can be improved by linking these first and second objectives 
and conclude by discussing the results of our linkage in this case study.

1.2  Conceptual Background and Terminology

In regard to the future of a given population, expert opinion needs to be based on 
knowledge and experience (Dalkey, 1968; Hogarth & Makridakis, 1981; Kahne-
man, 2011; Theocharis & Harvey, 2019) and algorithmic procedures (i.e., projec-
tion methods) should be grounded in demographic theory (Burch, 2018; Petropoulos 
et al., 2022). Before proceeding with a discussion of the strengths and weaknesses of 
these two approaches, we first define: (1) a population projection as the outcome of 
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a set of conditional statements made by a person, group, or agency about the future 
in that they show what the population in question would be if particular assumptions 
were to hold true, but make no prediction as to whether those assumptions actually 
will hold true; and (2) a population forecast as the projection a person, group, or 
agency believes is most likely to provide an accurate prediction of the future popula-
tion (Smith et al., (2002, p. 3), which means that all population forecasts are explic-
itly judgmental. Because a population projection can be generated by a subjective 
process, a quantitative process, or a hybrid of the two, a population forecast also is 
generated by them. In accordance with this view, we interpret “expert opinion” as a 
subjective process, “algorithmic procedures” as quantitative processes, and a combi-
nation of the two as a “hybrid” process.

1.3  “Strengths and Weaknesses” of Subjective and Quantitative Approaches

Because no projection method, subjective or quantitative, yields a forecast unless 
judgment is applied, a given method’s strengths and weaknesses largely stem from 
four sources: (1) Its correspondence to the dynamics by which a population moves 
forward in time; (2) the information available relevant to these dynamics; (3) the 
time and resources available to assemble relevant information and generate a fore-
cast; and (4) the information needed from the forecast. In terms of population 
dynamics, it is the fundamental population equation that applies, namely that the 
population at a given point in time,  Pt+k, is equal to the population at an earlier point 
in time,  Pt, to which is added the births and in-migrants that occur between time t 
and time t + k and to which is subtracted the deaths and out-migrants that occur dur-
ing this same time period (Baker et al., 2017, pp. 251–252):  Pt+k =  Pt + Births + In 
Migration—Deaths – Out Migration. This equation not only applies to the popula-
tion as a whole but also to age groups, age-gender groups, age-gender-race groups, 
and so on in regard to a range of demographic characteristics (Baker et al., 2017, 
pp. 191–208). This makes the fundamental equation the cornerstone of demo-
graphic theory. Because it is the basis for the cohort-component method of popu-
lation projection population, it also places this method in the foundation of demo-
graphic theory, which as its name suggests also incorporates the cohort perspective 
on population change, which itself is fundamental both to population dynamics and 
demographic theory. Moreover, because the “Cohort Change Ratio Method,” a pop-
ulation projection method we employ in this case study, is algebraically equivalent 
to the fundamental population equation, and, as its name suggests, also deals with 
cohort change, this method can be viewed as fundamental to population dynamics 
and demographic theory (Baker et al., 2017; Swanson et al., 2016).

Barring unforeseeable catastrophes and other “Black Swan” events that have 
very low probabilities of occurring (Taleb, 2010), the closer one comes to hav-
ing accurate data concerning  Pt, and the birth, deaths, in-migrants, and out-
migrants corresponding to  Pt+k, the stronger the projection method will likely 
be; as the accuracy of  Pt and the direct correspondence of births, deaths, im-
migrants, and out-migrants to  Pt lessens, the weaker it will likely be. If, as an 
example,  Pt is the total population of Canada in 2020, one can assemble birth, 
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death, and migration directly corresponding to it relatively quickly and use the 
Cohort Component Method (Smith et al., 2002, 2013) to project it using an “off-
the-shelf” template within a relatively short period of time at low cost. If, how-
ever, one needs to forecast the population of Hopi tribal members living on the 
Hopi Reservation in Arizona by age and sex, one may have to start with a less-
than-accurate census count of this population (Swanson, 2021) by age and gen-
der and apply birth, death, and migration data to it from one or more analogue 
populations (Swanson, 2022). Because it is virtually impossible to assemble 
birth, death, and migration data that directly correspond to it in any reasonable 
length of time even if one has substantial resources available for this assembly, 
one will likely be forced to select one or more analogues (Swanson, 2022).

Turning back to the example of Canada, if one is under severe time and 
resource constraints, the “Cohort Change Ratio” method could be used (Baker 
et al., 2017), which is likely to yield neither a total population projection nor, if 
desired, a projection by age and sex much different from that generated by the 
Cohort-Component Method, respectively (Baker et al., 2017). Similar observa-
tions apply to extrapolative methods, including simple ones such as those that 
are linear or exponential and those that are more complex, such as ARIMA 
(Auto-Regressive Integrated Moving Average) and other forms of time-series 
models; they also apply to structural models (Smith et al., 2002, 2013). In regard 
to subjective and quantitative methods, Zellner et al. (2021) find that neither is 
universally superior and in regard to simple and complex methods, Green and 
Armstrong (2015) find that complex methods provide no more accuracy than do 
simple methods.

The strengths and weaknesses in a given forecast will be based on those just 
discussed in the underlying projection method(s) and, also, on the experience, 
objectivity and knowledge of the person(s) judging that a given projection is 
more likely to represent the future of the population in question than is another 
projection As experience, objectivity and knowledge increase, the accuracy of 
the forecast is likely to increase; as they decrease, so is the accuracy of the fore-
cast. Whether it is the judgment of a single individual (rule-based or otherwise), 
or that of a group (in the form of rule-based approaches such as Delphi or a 
focus group, or otherwise), one needs to consider, as was the case with projec-
tion methods, the issue of “utility”—the likely level of accuracy vs. the time and 
resources required to attain this level (Swanson & Tayman, 1995, 1996). It is 
also the case that a “less accurate” forecast may yield a forecast that is sufficient 
for a given need than the level required for another need (Swanson & Tayman, 
1996; Swanson et al., 1997, 1998).

In regard to a new development, machine learning (aka artificial intelligence), 
a recent study by Baker et  al. (2023) suggests that this approach may improve 
accuracy over traditional projection methods with a reasonable level of util-
ity, but if such a projection is to be considered a forecast, it is inescapable that 
human judgment will be employed, which means we are again looking at the 
experience, objectivity, and knowledge of the person(s) making such a judgment.
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2  Background

Turning now to our case study, “Greenville Water” (https:// www. green ville water. 
com), a public agency, located in Greenville, South Carolina, owns all of the 
26,000 acres of two watersheds in which are three protected mountain reservoirs: 
(1) Table Rock – at the head of the South Saluda River; (2) Poinsett – at the head 
of the North Saluda River; and (3) Lake Keowee – in western Pickens County. 
Greenville Water signed a Conservation Easement with The Nature Conservancy 
so that the land use remains the way it is, with no construction or development 
now or in the future. Along with the three reservoirs, Greenville Water operates 
treatment plants and a testing facility aimed at delivering high-quality water to 
over 350,000 Greenville residents. Figure 1 shows Greenville County, SC, where 
Greenville Water is located.

Overall, population growth has been substantial and dynamic, being driven 
by some areas with very recent and substantial development. Other areas are 
expected to follow suit, including Greenville City, which is undergoing redevel-
opment; However, there are some areas in modest decline. In this environment, 
not only knowing how parts of the county have changed in the past, but which 
parts of the county are expected to experience population increase or decline in 
the future is critically important for accurate, efficient planning.

Fig. 1  Greenville County, South Carolina

https://www.greenvillewater.com
https://www.greenvillewater.com
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With the population of its service area expected to increase overall, Green-
ville Water embarked on planning aimed at increasing its infrastructure to service 
the demand out to the year 2050. It is expected to increase because of the growth 
observed from 2000 to 2010 (from 379,635 to 451,283, a 19% increase) and again 
from 2010 to 2020 (from 451,283 to 525,534, a 16.5% increase). As noted in the 
Introduction, forecasts are at the forefront of decision-making and planning and pop-
ulation forecasts are a core component of water use planning (Miro et  al., 2018). 
Previous planning processes and expansion had generated population forecasts and 
there were forecasts done by other entities that could be used (See Table  1) and 
accompanying discussion. However, with the indications that population growth in 
the Greenville Water service area would be substantial, professional demographers 
were retained to develop the population forecasts, which for planning purposes, 
needed to be done by block group (BG), which according to the 2020 census num-
bered 301 for Greenville County as a whole.

Table 1  Comparison of selected 
Greenville county projections

a Regardless of what a projection completed prior to 2020 showed 
for 2020, the US. Census Bureau’s 2020 Census Total for Greenville 
County is displayed in the table
b ARIMA stands for “Auto Regressive Integrated Moving Average” 
(Smith et al., 2013, 199–209). This is a time series model that using 
decennial census numbers and intercensal annual estimates gener-
ated by the U.S. Census Bureau for the period from 1970 to 2020 as 
input to generate annual numbers from 2021 to 2050
c The Hamilton-Perry Method is a variation of the Cohort Compo-
nent Method of Population projection that requires only age data for 
the population in question at two successive census counts or esti-
mates (Baker, Swanson, Tayman, and Tedrow, 2017). Here the data 
for the 2010 census are used in conjunction with a 2015 estimate 
done by the U.S. Census Bureau are used as input with the projec-
tion launched from 2015
d These are taken from Fig.  4.2 in the 2016 Master Plan for the 
Greenville Water District  (2016) and are approximate numbers. 
None of them go beyond 2040. However, because we have the actual 
projections done by the South Carolina (State of SC) from a separate 
source, we extended this projection to 2050 using the rate of change 
found between 2030 and 2040

Source 2020a 2030 2040 2050

Provisional forecast 
informed by expert judg-
ment

525,534 619,752 731,137 837,898

Preliminary naïve projection 525,534 602,792 697,161 787,245
ARIMAb 525,534 568,555 670,828 859,734
Hamilton-Perry  methodc 525,534 607,466 682,821 759,090
State of SC4 525,534 616,105 706,862 812,599
2009 Master  pland 525,534 549,010 N/A N/A
2014 Keowee-Taxawayd 525,534 600,000 675,000 N/A
2014  ACOGd 525,534 596,000 670,000 N/A
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2.1  Data and Methods

Because population growth is a critical element in future water demand (Butler & 
Memon, 2005, p. xiii), population forecasts are key to developing a forecast of water 
demand. Not surprisingly, different population projection methods have been used 
in the development of these forecasts. They include the cohort-component method, 
structural models and time-series-based trend extrapolation methods (Miro et  al., 
2018, p.  11; Smith et  al., 2002: Texas Water Development Board, 1997, 2021). 
Typically, a water demand forecast contains two elements, per-customer use and 
the number of customers (Miro et  al., 2018, 4). In the case of Greenville Water, 
the customers are people, which makes the number of customers equivalent to the 
total population. The per-capita use is typically determined by historical demand 
data (Miro et al., 2018, p. 4), which also is the method used by Greenville water. 
Although categories of water use can be used (e.g., single-unit housing, multi-unit 
housing; commercial, industrial and agricultural), Greenville Water does not use 
these categories in its long-term forecasts. As described by Rinaudo (2015, p. 241) 
water demand forecasts are done for the short-term (hourly peak, daily peak, tomor-
row, next week, next month), the intermediate term (one to ten years) and long-term 
(20–30 years). As indicated by the target year of 2050, our case study of Greenville 
Water is focused on the long term.

One of the more difficult technical barriers to constructing long-range population 
projections that are based on historic census data in addition to recent census data 
is that census geography changes from one decennial to the next and often signifi-
cantly. A BG in 2010 could remain the same, it could be split into multiple smaller 
BGs (such as if it had experienced a lot of growth) or it could be dissolved along 
with other BGs around it if it is part of a greater area that is in decline. In order to 
account for this, the Census Bureau publishes an enormous file called a "block rela-
tionship file"—which documents every one of these geographic changes from one 
decade to the next (https:// www. census. gov/ geogr aphies/ refer ence- files/ time- series/ 
geo/ relat ionsh ip- files. html).

In the case of Greenville, we chose to use 2000, 2010 and 2020 census data in 
the development of population projections for the target year, 2050. Thus, the first 
step was to re-form the 2000 and 2010 block groups and their total population data 
into the 2020 BG geography, which is shown in Fig. 2. For both 2000 (NGHIS, no 
date) and 2010 (U.S. Census Bureau, 2011), the corresponding decennial PL 94–171 
redistricting file respectively, was used as the total BG population data input. Simi-
larly, for 2020, the total BG population data from the PL 94–171 redistricting file 
was also employed (U.S. Census Bureau, 2022a). So, the initial projections were 
based on 2000 and 2010 census data in consistent 2020 census geography and 
launched from 2010. For reference purposes, the 2010–2020 change in population 
by BG is shown in Fig. 3, which also shows the boundaries of the Greenville Water 
Service Area.

Once the 2000 and 2010 BG geographies and data were consistent with the 
2020 geography and data, we sought to create a baseline series of preliminary 
projections, as well as some diagnostics to assess the reliability of the 2020 Cen-
sus data, which was a concern because of the introduction by the US Census 

https://www.census.gov/geographies/reference-files/time-series/geo/relationship-files.html
https://www.census.gov/geographies/reference-files/time-series/geo/relationship-files.html
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Bureau of the new Disclosure Avoidance System known as “Differential Privacy,” 
which, as noted earlier, has been shown to induce errors in small area 2020 cen-
sus data (Hauer & Santos-Lozada, 2021; Sullivan, 2020, pp. 68–81; Swanson & 
Bryan, 2022; Swanson & Cossman, 2021; Swanson et  al., 2022; Winkler et  al., 
2021).

Fig. 2  Greenville County block group map
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Fig. 3  Greenville County 2010–2020 population change
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Three extrapolation methods were applied to the BG population totals:

1. Linear, exponential, and logistic models (Smith, Tayman, and Swanson 2013) 
were used to generate preliminary projections as follows

(a) One set of linear and exponential projections were launched from 2010 
using 2000-2010 linear and exponential rates of change found from 2000 
and 2020 census data.

(b) second set of linear and exponential launched from 2020 using 2010-2020 
linear and exponential rates of change found from 2010 and 2020 census 
data.

(c) A logistic (or constrained “S curve”) model was fitted to 2000, 2010, and 
2020 census data.

2. The linear and exponential models were evaluated and were observed to have gen-
erated unrealistic growth and decline in several BGs, which is why we employed 
several methods specific to the environment of different types of BGs. As an 
example of unrealistic growth, BG 450450018082 had a population of 470 in 
2000 and a population of 1,580 in 2010. Using the 2000–2010 rate of geomet-
ric change and launching from 2010, its 2050 population was projected to be 
102,254. As an example of unrealistic decline, BG 450450007002 had a 2000 
population of 715 and a 2010 population of 518. Using the 2000–2010 rate of 
linear change and launching from the 2010 population, its 2050 population was 
projected to be -270. Given these examples, you can see why we set ceilings of 
5000 and floors of zero (no negative population numbers). Following guidelines 
found in Swanson et al., (2010 we set these boundaries because no BG in 2010 or 
2020 had a population of 5,000 or more and, obviously, no BG had a population 
less than zero. The logistic model results are not subject to these limits because, 
unlike the exponential and linear models, there are ceilings and floors are already 
built into them.

3. The linear and exponential projections with the ceilings and floors applied in step 
2, were then used to generate preliminary BG as follows:

(A) The arithmetic average of the logistic projections for 2030, 2040, and 2050, 
which, in turn, respectively, are averaged with both:

(B) The average of the 2010 launched linear and exponential results for these 
same three years, 2030, 2040, and 2050 (with the ceilings of 5000 and 
floors of zero); and

(C) The average of the 2020 launched linear and exponential results for these 
same three years, 2030, 2040, and 2050, with ceilings of 5000 and floors 
of zero.

  These three sets of averages yield one population projection per BG.
4. As a means of evaluating both the 2020 Census BG results (which recall may 

have large errors due to the application of differential privacy) and the prelimi-
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nary projections, we then interpolated between the 2030 projection for each BG 
using the results of Step 3.B and its 2010 decennial count to obtain an estimated 
2020 population for each BG, which we then compared to the official 2020 BG 
population. Out of 301 BGs in Greenville County, 10% had a difference of ±10% 
or more. Along with the finding that only 39 BGs had one or more census blocks 
within them where children resided with no adults present (an indicator of the 
effect of Differential Privacy in the absence of group quarters, Swanson & Bryan, 
2022; Swanson & Cossman, 2021), this suggested that Differential Privacy was 
not very likely to have a deleterious effect on the BG forecasts for the district as 
a whole and its subareas.

5. Overall, the method we used to obtain the preliminary projections can be 
described as “bottom-up” (Smith et al., 2002, pp. 258–266).

Once the preliminary projections were completed, we applied expert judgment to 
each of the 301 BGs, keeping in mind the context of nearby BGs. The use of expert 
judgment is not new (Buckley & Sniezek., 1992; Dalkey, 1968; Pittenger, 1978; Roe 
et al., 1992; Snieczek, 1992: Swanson et al., 1995; Swanson, et al., 1997; Swanson, 
et al., 1998) and our application of it went as follows. The Greenville Water Engineer 
leading this project along with staff were familiar with the area served as the “local 
experts” with contracting engineers serving as a critical audience and technical sup-
port staff. The demographers presented the preliminary projections in a virtual envi-
ronment along with a GIS-based set of BG maps with overlays that included recent 
satellite and aerial imagery. The GIS overlays (see Fig. 3 for an example_ showed 
the current status of land use along with environmental (e.g., ravines, creeks, ponds, 
wetlands, and lakes) and constructed features (quarries, highways and roads, railroad 
lines and yards, business, commercial and industrial complexes, college and univer-
sity campuses), the history of population change, and the expected future change 
as indicated by the preliminary projections. Over several multiple-day periods, the 
team went over the GIS overlays and the data and heard the initial opinions of the 
local experts about the past and future of each BG. We used a categorization scheme 
similar to one developed by the San Diego Association of Governments for classify-
ing the potential for population change by parcel (2008, p. 35). The coding system 
we developed placed each BG into one of the following seven “population growth” 
categories as of 2020: (1) already at build-out capacity, no further growth likely 
under the current land use and zoning: freeze at its 2020 number; (2) currently popu-
lated but with moderate growth likely under current land use and zoning, modify its 
preliminary trend for higher growth; (3) not in the Greenville Water service area, 
but apply expert judgment to its preliminary trend and modify if so indicated; (4) 
currently populated but with high growth likely under current land use and zoning; 
(5) rural with very low growth expected, apply expert judgment to its preliminary 
trend and modify if so indicated; (6) currently not growing or in decline, but zon-
ing has changed and multi-unit, vertical housing development is either occurring 
or expected along with high growth, modify preliminary trend accordingly; and (7) 
poised for more growth, modify preliminary trend accordingly. As can be seen in 
Table 2, of the 301 BGs in Greenville County: (1) 118 received a classification of 
1; (2) seven received a classification of 2; (3) seven received a classification of 3; 
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(4) zero received a classification of 4; (5) 17 received a classification of 5; (6) 38 
received a classification of 6; and (7) 114 received a classification of 7.

These same classifications were used as the forecast went to 2030 and 2040, 
with modifications as needed (e.g., as of 2030, if a BG reached build-out capac-
ity and was not likely to grow further, it was re-classified accordingly). In the few 
cases where there was a majority but not a unanimous decision into which category 
a given BG should be placed, it was resolved by placing it into the nearest cate-
gory that allowed for further growth. The rationale was that Greenville Water would 
rather err on the side of over-building than under-building. When this process was 
completed, nearly half of the BGs were classified as being effectively “done” and 
unlikely to change size in the future. This allowed us to focus on the remaining BGs 
regarding how much growth or decline was expected.

Once this process was completed, the demographers revised the preliminary pro-
jections accordingly and labeled them as “provisional projections.” Of the 301 BGs, 
25 were selected for further review, which resulted in revisions. All of these 25 BGs 
are found among the 38 members of Group “6.” The revised provisional BG projec-
tions were summed, respectively, for 2030, 2040, and 2050 to obtain county totals 
for 2030, 2040, and 2050, which were then compared to independently generated 
county population projections for these same years. As discussed in the following 
section, the BG sums were found to fall within the range of the independently gen-
erated county population totals and with no more changes to the BG projections, 
the results were classified as the “final forecasts.” Including preparation, this entire 
expert review process took about 150 person-hours and occurred over several multi-
day periods using a virtual meeting (zoom) application.

3  Results

Using the data and methods described in the preceding section, provisional fore-
casts of the BGs within Greenville County were developed. These forecasts were 
informed by expert judgment as described earlier, which is important to use when 
forecasting the population of small areas such as BGs for a specific geographic area 
such as the Greenville Water (Swanson et al., 1998, 2010).

Table 2  Blockgroups by 
population growth category

See text for the category descriptions

Population category Number of 
blockgroups

1 118
2 7
3 7
4 0
5 17
6 38
7 114
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As one of several validity checks, we compared these county totals not only to 
those found from other sources, including those shown in the 2016 Master Plan 
(Fig. 4.2) (2016), but also to a “Hamilton-Perry” projection produced by the demog-
raphers and described in footnote 3 of Table 1, which contains the results of these 
comparisons. It appears from the data in Table 1 that this update is timely, given 
our county total of 837,838 for 2050 compared to the numbers found in Fig. 4.2 of 
the 2016 Master Plan, where: (1) the 2009 Master plan has a 2035 County Popula-
tion of approximately 570,000; (2) the 2014 Keowee-Taxaway relicensing project 
has a 2040 county population of approximately 675,000; (3) the 2014 ACOG has a 
2040 county total of approximately 670,000; and (4) the "extrapolated" State of SC 
results, which has a county total of 812,519 by 2050.

An important component of these comparative projections is the “Hamilton-
Perry Method” that we produced, which is based on cohort change ratios and is 
directly linked to the fundamental theorem of population change (Baker et al., 2017, 
pp. 251–252). This serves to place our forecasts on a theoretical foundation and con-
forms to the arguments made by Burch (2018) in regard to demographic theory, a 
point to which we return in the following section.

The 2050 Greenville County total for the provisional “informed” forecast is 
between the highest of the independently generated county 2050 totals we gener-
ated using ARIMA (which we generated using the NCSS statistical software system 
release 12.0.4 in the of a “log10(pop)-trend” model with one parameter, − 0.502 and 
(p,d,q) = (1,2,0) = 1 order of auto-regression, 2 orders of differencing, and no mov-
ing average) which is 859,734, and the State of South Carolina projection which ter-
minates in 2035, but for which we applied the geometric rate of change from 2025 
to 2035 to generate a projection to 2040 and ultimately, 2050, where have a projec-
tion of 812,699. The lowest independently generated 2050 county total we did was 
759,090, which used the Hamilton-Perry Method and 2010–2015 input data from 
the US. Census Bureau’s “Population Estimates Program” (2022b).

The increase of 152,840 people in the year 2050 that is spread over all of the 
301 census block groups in going from the preliminary projection (675,626) to the 
final informed forecast (828,467) is largely generated by 25 (of 301) BGs, which 
expert judgment determined were currently poised to “take off” in terms of popula-
tion growth. As noted earlier, all of these BGs were categorized as Group “6.” Hav-
ing this much change (23%) generated by such a small number of BGs is consistent 
with the findings of Baker et al. (2021), who found in an ex post facto evaluation 
of 2010 census tract forecasts for the U.S. as a whole that the bulk of the errors for 
65,221 census tracts was driven by high growth rates in one percent of the tracts 
between 2000 and 2010. In the case at hand, just under 1 percent (0.83%) of the BGs 
is driving much of the 23% increase of the total 2050 Greenville County population 
found in going from the preliminary projection to the final, informed forecast. Had 
the local expert process not been used, the preliminary BG projections would have 
missed this expected growth because there was no history of such growth in the last 
20 years of census data for these BGs.

As examples of the results of the local expert judgment, for selected BGs, we 
compare the results of the preliminary projections to the final forecast results. The 
seven BGs selected represent, respectively, each of the seven categories used to 
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classify them during the local expert process. Shortly, we discuss two of these seven 
BGs for which we provide the corresponding “screen shots” (Fig. 4, “category 1, no 
growth expected” and Fig. 5, “category 6, high growth expected”) as examples of 
what the local experts viewed in making the decision to classify a given BG into one 
of the seven categories.

Coded as a “1” (freeze the population at either the 2020 or preliminary level), 
Blockgroup 4,504,500,019,001 had a 2020 population of 2,463, resulting in a pre-
liminary 2050 population of 2643 and a final forecasted 2050 population of 2643 
(See Fig. 4);

Coded as a “2” (modify its preliminary trend for higher growth), Blockgroup 
450,450,002,001 had a preliminary 2050 population of 1836, with a final forecasted 
2050 population of 2139;

Coded as a “3” (Not in the Service Area, but modify its preliminary trend if 
expert judgment indicates), Blockgroup 450,450,040,031 had a preliminary 2050 
population of 2215 with a final forecasted 2050 population of 2140;

Coded as a “4” (currently populated but with high growth likely under current 
land use and zoning), No Blockgroups were found to fit this category;

Coded as a “5” (rural with very low growth historically, but apply expert judg-
ment to its preliminary trend and modify accordingly if required), Blockgroup 
450,450,039,021 had a preliminary 2050 population of 2202 with a final forecasted 
2050 population of 2700;

Fig. 4  GIS Overlay example of a BG placed in Category 1, “No Growth Expected.” See text in the 
Results section
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Coded as a “6” (currently not growing or in decline, but zoning has 
changed and vertical housing development is either occurring or expected, 
along with high growth, modify preliminary trend accordingly), Blockgroup 
450,450,039,062 had a preliminary 2050 population of 1633, with a final fore-
casted 2050 population of 5619 (See Fig. 5); and.

Coded as a “7” (poised for more growth, whether modest or substantial, and 
modify preliminary trend accordingly), Blockgroup 450,450,038,023 had a pre-
liminary 2050 population of 1503, with a final forecasted population of 1708.

The two examples shown in Figs.  4 and 5, respectively, represents the low 
and high ends of expected BG population growth over the forecast horizon to 
2050. As can be seen in Fig. 4 (“category 1, no growth expected”), the homes 
are well-established and the local experts knew that there had been no zoning 
changes that would transform this from a low density, single-household residen-
tial neighborhood to a high density, multi-household residential neighborhood 
through the end of the forecast horizon. In Fig.  5, (“category 6, high growth 
expected”), clearly visible is the cleared and platted area for the high density, 
multi-household units that the local experts knew were coming due to zoning 
changes and other decisions that were recently made., which, once in place, 
would likely remain until the end of the forecast horizon.

Fig. 5  GIS Overlay Example of a BG placed in Category 6, “High Growth Expected.” See text in the 
Results section
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4  Discussion

There will be change between 2020 and 2050 in the 118 BGs where the future 
populations were frozen at the 2020 level. However, the expert judgment is that 
the change will be minimal and not worth the effort to model. This decision 
allowed the time to focus attention on the BGs where moderate and, especially, 
substantial change was believed likely. While this reduced the person-hours of 
labor, the hybrid forecasting process was still labor-intensive, which experience 
suggests that it is worthwhile if a reasonable level of accuracy is desired for small 
area forecasts (Swanson et al., 2010). Swanson et al. (2010) conducted an ex post 
facto evaluation of the accuracy of small area forecasts informed by local experts 
in the Hillsborough School District project and found that the correct decisions 
were made concerning the need for new construction within the forecast hori-
zon, namely that while a new high school and elementary school were needed, a 
new middle school was not. This is an example of the level of accuracy required 
for this study. That is, it does not need to be accurate to the point of perfection 
(Swanson et al., 1996); it only needs to be sufficiently accurate that the right deci-
sions are made regarding the construction and placement of new infrastructure, 
which in this case is for a water district. Finding that there was a difference of 
23% (152,840) for the 2050 county total population in going from the preliminary 
projections (675,626) to the final, informed forecasts (828,467), suggests that if 
the preliminary set of BG projections were used for its planning needs, Greenville 
Water is likely to have under-estimated the demand for water in its service area 
by about 18 percent as of the year 2050. Nearly as important, we identified block 
groups that had grown significantly in the past but have since stabilized or even 
begun to decline somewhat. Had these BGs been allowed to continue apace, the 
size and drivers of change in the county would have changed dramatically.

Arguably, the strongest feature of the process described here is that a combi-
nation of different quantitative approaches used in conjunction with knowledge-
able judgment can be expected to provide forecasts that are sufficiently accurate 
to inform decision-making without being prohibitively expensive. Another fea-
ture that serves to strengthen the process is the use of the Cohort Component 
Method in four of the six county population projections and the Cohort Change 
Ratio Method as the basis of the fifth of these six projections (See Table  1), 
which means that five of the six methods we employ for this purpose are, as we 
discussed earlier, directly linked to the fundamental elements of demographic 
theory. In turn, the linkage from these county level projections to the BG projec-
tions provides the latter with an indirect, but important, connection to this same 
foundation. Continuing along this line, in regard to one of the two simple extrap-
olative projection methods we employ in this case study, the exponential model, 
Burch (2018 p. 45) notes that it also is based on demographic theory, namely the 
theory of how a population grows. This places our BG population projections 
even closer to the key theoretical elements we discussed in the “Strengths and 
Weaknesses” section that serve to make a forecast stronger in that they corre-
spond to the dynamics by which a population moves forward in time.
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There are also additional benefits to the hybrid forecasting process described 
here. These include the development of a set of potential “opinion leaders” in the 
form of the local experts who serve as informal diffusion channels regarding recom-
mendations and their rationales before the diffusion through more formal channels 
such as public hearings. This represents a valuable communication channel. In addi-
tion, the local experts represent a community resource in the form of a group very 
knowledgeable not only about the likely water demands and demographic future 
of Greenville County, SC but also about a range of forecasting methods, and their 
respective strengths and weaknesses. Similarly, the demographers become knowl-
edgeable about local area conditions and sources of information that serve to make 
them more proficient in the craft of small area forecasting. We believe that other 
water districts can benefit from the conceptual system that underlies the specific pro-
cess used for the “Greenville Water” population forecasts. We recommend that it be 
considered in water districts facing the need to assess capital facilities and develop 
or revise supply and distribution infrastructure.

In this case study, all of the team members and the client worked with a com-
mon understanding that the forecast population will be different than the actual 2050 
population. In light of both the “errors” in the projection methods and the “errors 
in the expert judgment” applied to them, we did, however, ask the client directly 
which type of bias would be preferred in our population forecast, upward or down-
ward? The client responded that an upward bias would be preferred because a down-
ward bias would likely necessitate the need for another long-term plan sooner than 
anticipated whereas an upward plan would put in place infrastructure that might be 
premature but would eventually be used. As discussed in the preceding section, the 
experts, followed this guidance when there was there was a difference of opinion on 
the future population of a given BG.

Barring a “Black Swan” event (Taleb, 2010), the demographers who participated 
in this case study expect that the error in the final 2050 population forecast for the 
district as a whole and most of the 301 BGs will be in the range of ± 5%, with a 
handful of BGs much higher (> ± 20%), That is, with a small set of extreme errors 
relatively similar that found for census tracts by Baker et al. (2023) when they used a 
machine learning approach to reduce the number of extreme projection errors. In the 
absence of the expert judgment process, the demographers believe the error in the 
final 2050 population forecast for the district as a whole and most of the 301 BGs 
would have been in the range of ± 15%, with a handful of BGs very much higher 
(> ± 50%). That is, with a small set of extreme errors relatively similar to that found 
for census tracts by Baker et al. (2021) in the absence of using a machine learning 
approach to reduce the number of extreme projection errors.

In closing, we observe that the release of the new 2020 census data enabled the 
decennial exercise of political apportionment and redistricting. With that enormous 
body of work largely done, applied demographers are now turning their attention to 
an equally large body of post-censal applied demography projects such as the case 
study presented here. An important and significant share of those projects is the exer-
cise of creating small area population projections, which are used for public policy 
and infrastructure planning. Census data have never been well suited for small area 
population projections "out of the box"—but this is particularly true for the 2020 
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Census, which in addition to the usual decennial problems included political inter-
ference by the Trump administration, implementation of a new (online) response 
system, dealing with a pandemic, curtailment of the non-response follow-up period, 
and the Bureau’s choice of differential privacy as its new disclosure avoidance sys-
tem (Hauer & Santos-Lozada, 2021; Hotz & Salvo, 2022; O’Hare, 2020; Ruggles & 
Van Riper, 2022; Swanson, 2021; Swanson & Cossman, 2021; Swanson et al., 2022; 
Winkler et al., 2021). Hopefully, this paper also provides ideas about how to work 
around the additional problems found in the 2020 census.
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