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Automated valuation models, or AVMs, hold great promise for reducing the costs of and increasing the 

accuracy of home valuations. They allow financial institutions to estimate a home’s value with a reduced 

role for human opinion. By limiting the human element, estimating a home’s value should become less 

expensive and more accurate. In the COVID-19 pandemic, automation and technology like AVMs have 

allowed home purchases and refinances to continue by eliminating the need for a certified appraiser or 

any human access to the property being assessed.  

But AVMs in majority-Black neighborhoods produce larger errors, relative to the underlying sales 

price, than AVMs in majority-white neighborhoods, potentially contributing to the wide housing wealth 

gap between Black and white homeowners. By refining the current AVM, this valuation disparity could 

be eliminated, and the benefits of homeownership could be more equitably available to all homeowners. 

Recent Events Raise the Profile of AVM Technology 

After the Great Recession, in-person home appraisals received scrutiny. Many housing experts believed 

that widespread appraisal bias contributed to the housing crisis.1 In-person appraisals are susceptible to 

charges of racial discrimination and human bias. Appraisers could use a neighborhood’s racial 

composition as a proxy for other measures used to determine a home’s value, perpetuating racial 

disparities in housing (Howell and Korver-Glenn 2018). 

These concerns about appraisal accuracy boosted the appeal of AVMs as both a supplement to and 

a substitute for in-person appraisals. AVMs apply mathematical algorithms to a database of housing 

activity, including sales transactions, to calculate a specific home’s value. After the Great Recession, the 

government-sponsored enterprises approved the use of AVMs to confirm the accuracy of in-person 

appraisals. Amid the pandemic, the use of AVMs in lieu of in-person appraisals has increased to limit 
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person-to-person interactions during the homebuying process.2 By eliminating human involvement, 

AVMs could also correct for racial bias from appraisers evaluating homes and the conditions in 

majority-Black neighborhoods. 

But AVMs have drawbacks. Historically, AVMs have not been able to take a property’s condition 

into account when determining a home’s value.3 Like in-person appraisals, the accuracy of AVMs 

depends on having a large-enough number of comparable sales in the area to ensure greater accuracy 

(Dornfest et al. 2018). And the use of comparable sales in the area may reinforce past racial bias.  

If these drawbacks create less accurate home value estimates, they can have important implications 

for households and policymakers. A home’s value determines a homeowner’s housing equity and the 

mortgage’s loan-to-value ratio, which is one metric used to assess credit risk (Dornfest et al. 2018, 2). 

Less accurate home valuations undermine estimates of housing equity and can exaggerate the amount 

of risk a homeowner represents. One inaccurate valuation can then infect an entire neighborhood when 

it is used as a comparable sale for other estimates. Nationwide, reduced accuracy in home valuations 

impairs policymakers’ understanding of the health and risks presented by the household sector and the 

financial system overall (Goodman et al. 2019). 

Nevertheless, we believe AVMs can be a useful tool in determining home valuations and that a 

greater understanding of the differences in how AVMs are used with purchase and refinance mortgages 

will help industry stakeholders use this tool more effectively. 

Data and Methodology 

To examine whether AVM accuracy differs by race, this study compares AVM values with sales prices 

associated with arm’s-length transactions at the property level between majority-Black and majority-

white neighborhoods. As computer models, AVMs do not know the race of the homeowner or the 

predominant race of the neighborhood in which the home is located (Avenancio-León and Howard 

2020). As a result, although we find that the AVM we analyzed produced less accurate results in the 

majority-Black neighborhoods selected, we avoid the term “discrimination,” which implies motive. But 

this does not preclude the possibility that AVMs may reinforce instances of past discrimination.  

We analyzed Atlanta, Georgia; Memphis, Tennessee; and Washington, DC. Each city had a 

significant Black population share and produced solid property-level pairings between AVM estimates 

and sales prices to analyze. We first show results for Atlanta and Memphis and then compare them with 

those for Washington, DC, as an initial check on how pervasive these findings are geographically. In 

each city, instead of using the entire core-based statistical area (CBSA), we used the counties with 

strong historical deeds data that we could match with the AVM data. These counties are a small 

proportion of the total number of counties in each CBSA but account for the majority of the CBSA 

population. The Atlanta, Memphis, and Washington, DC, counties account for 17 percent, 22 percent, 

and 33 percent of the total counties in their CBSAs, respectively, and 63 percent, 74 percent, and 56 

percent of their respective populations. 
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We employed property records data from a major data provider to combine information on AVM 

values, sales prices, and transaction dates for each traded property from 2000 to 2018 for those 

selected counties within each city. We then used five-year (2014–18) American Community Survey 

data to extract the share of Black and white homeowners at the census tract level and merge the racial 

composition information with the property records data.  

To characterize the difference between AVM values and sales prices, we constructed three 

measurements. First, we calculated direction of inaccuracy, or the average difference between the sales 

prices and AVM values, to capture the direction of AVM error. Averaging across sales and AVM price 

differences implies that positive differences are offset by negative differences. For example, if one home 

was overvalued in its appraisal by $20,000, and another was undervalued by $20,000, the average of 

those two sales price and AVM differences would be zero. Consequently, averaging across sales and 

AVM price differences provides a sense of the direction of the inaccuracy—that is, whether homes are 

being generally overvalued or undervalued by AVMs.  

Second, we calculated the magnitude of inaccuracy, or the absolute difference between the sales 

prices and AVM values. If one home is overvalued by $20,000 and another is undervalued by $20,000, 

each sales price–AVM differential has an absolute value of $20,000. Thus, the average difference in this 

case would be $20,000, which captures the magnitude of inaccuracy, regardless of whether it is positive 

or negative. 

Third, we calculated the percentage magnitude of inaccuracy, or the magnitude of inaccuracy 

divided by the sales price. To use our two homes, an appraisal may be different from the sales price by 

$20,000. But if one of those homes is worth $100,000 and the other is worth $200,000, the $20,000 

difference is more significant for the $100,000 home.  

Finally, we conducted a regression analysis, using the 2018 data alone, to examine the key drivers 

affecting the percentage magnitude of inaccuracy.  

How Does AVM Inaccuracy Disproportionately  

Affect Majority-Black Neighborhoods?  

Our results indicate that directional inaccuracy does not systematically differ according to 

neighborhood racial composition in Atlanta or Memphis and has not been significant since 2005. Figure 

1 demonstrates that across the Atlanta CBSA, the average inaccuracy across majority-Black 

neighborhoods has fluctuated around zero since 2005. In the Memphis CBSA, the average error across 

majority-Black neighborhoods has been systematically below zero over time but only to a modest 

degree. This suggests that for single-family properties in the Memphis area, AVMs typically 

overestimate the actual sales price of those properties but only slightly. Figure 1 also shows that in both 

Atlanta and Memphis, the average difference across majority-Black neighborhoods is neither 

consistently above nor consistently below that of majority-white neighborhoods. 
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FIGURE 1  

Directional Inaccuracy, by Majority Race in Neighborhood 

Atlanta-Sandy Springs-Roswell, GA 

 

Memphis, TN-MS-AR 

 

URBAN INSTITUTE 

Source: Urban Institute calculations of property records data and American Community Survey data. 

In contrast, the magnitude of inaccuracy in majority-Black neighborhoods is consistently below the 

inaccuracy amount in majority-white neighborhoods in the two cities we analyzed. Figure 2 shows that 

except in 2002 to 2004, AVM inaccuracy in majority-Black neighborhoods in the Atlanta CBSA was 

smaller than in majority-white neighborhoods. Data from Memphis also reveal that the magnitude of 

inaccuracy in majority-Black neighborhoods was smaller than in majority-white neighborhoods. The 

results from both areas may in part reflect the greater turnover of homes in majority-Black 

neighborhoods. Turnover—measured as sales in each neighborhood as a share of the housing stock—
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was somewhat higher in majority-Black neighborhoods than in majority-white neighborhoods, and 

higher turnover rates allow for more comparable home sales that can be used by an AVM when 

determining a home’s value. 

FIGURE 2 

Magnitude of Inaccuracy, by Majority Race in Neighborhood 

Atlanta-Sandy Springs-Roswell, GA 

 

Memphis, TN-MS-AR 

 

URBAN INSTITUTE 

Source: Urban Institute calculations of property records data and American Community Survey data. 
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higher percentage magnitude of inaccuracy in majority-Black neighborhoods is attributable to average 

home values in majority-Black neighborhoods being lower than in majority-white neighborhoods. 

The percentage magnitude of inaccuracy is roughly twice as large in majority-Black neighborhoods 

as in majority-white neighborhoods and is notably more volatile. For example, in 2009, the percentage 

magnitude of inaccuracy in majority-Black areas in Atlanta was 64 percent, compared with 24 percent 

in majority-white neighborhoods. Although it has steadily improved since then, as of 2019, it was still 

more than twice the size in majority-Black neighborhoods than in majority-white neighborhoods. These 

results are consistent over time in both the Atlanta and Memphis CBSAs. 

FIGURE 3 

Percentage Magnitude of Inaccuracy, by Majority Race in Neighborhood 

Atlanta-Sandy Springs-Roswell, GA 

 

Memphis, TN-MS-AR 

 

URBAN INSTITUTE 

Source: Urban Institute calculations of property records data and American Community Survey data. 
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In the Washington, DC, CBSA, which includes parts of Maryland, Virginia, and West Virginia, the 

magnitude of inaccuracy has been generally similar for both majority-Black and majority-white 

neighborhoods since 2005 (figure 4). But the percentage magnitude of inaccuracy in majority-Black 

neighborhoods has consistently been larger than in majority-white neighborhoods. The bottom line is 

that the magnitude of inaccuracy may be similar in majority-Black and majority-white neighborhoods, 

but the lower sales prices in majority-Black neighborhoods increase the percentage magnitude of 

inaccuracy significantly in all three cities we examined. 

FIGURE 4 

Magnitude of Inaccuracy in Washington-Arlington-Alexandria, DC-VA-MD-WV 

Absolute difference 

 

Percentage difference 

 

URBAN INSTITUTE 

Source: Urban Institute calculations of property records data and American Community Survey data. 
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What Are the Key Drivers of the Percentage Magnitude 

of Inaccuracy, and How Do They Differ between 

Neighborhoods? 

Although the magnitude of inaccuracy in majority-Black and majority-white neighborhoods may be 

similar, the lower sales prices in majority-Black neighborhoods increase the percentage magnitude of 

inaccuracy significantly in all three cities we examined, possibly causing greater damage to the overall 

home values in these neighborhoods. 

What causes the AVM accuracy gap between majority-Black and majority-white neighborhoods in 

these three cities? We answer this question by assessing neighborhood characteristics that may 

contribute to a greater percentage magnitude of inaccuracy and show how these characteristics differ 

between majority-Black and majority-white neighborhoods. These neighborhood characteristics are 

grouped along four dimensions: home values, differences in properties within a neighborhood, 

neighborhood conditions, and turnover rates. Table 1 presents summary statistics. 

Majority-Black neighborhoods have lower home values. The average property value of single-

family homes sold in majority-Black neighborhoods in the United States was $169,855 in 2018, 

significantly less than the average in majority-white neighborhoods ($424,810).  

Majority-Black neighborhoods have older homes and a greater variety of homes, by age and 

value. To capture property differences within neighborhoods, we constructed two variables: the 

standard deviation of neighborhood property ages and the percentage deviation of neighborhood home 

values. Standard and percentage deviation measure the dispersion of properties by age and home value, 

respectively. Table 1 indicates that homes in majority-Black neighborhoods have greater dispersion in 

both home prices and property age. In addition, properties in majority-Black neighborhoods were, on 

average, older than those in majority-white neighborhoods.  

Majority-Black neighborhood conditions differ from those of white neighborhoods. To capture 

neighborhood conditions, we included measures of gentrification, distressed sales, and household 

income.  

Majority-Black neighborhoods are more likely to experience gentrification, which generally causes 

permanent and rapid home price increases as land values increase.4 AVMs cannot quickly pick up these 

house price shocks, contributing to greater AVM errors in gentrifying neighborhoods. 

We consider a neighborhood to be gentrified if it meets two criteria (Ellen and O’Regan 2008): the 

tract-level income is less than 70 percent of the income in the metropolitan statistical area (MSA) and 

the neighborhood (identified at the census tract level) experienced at least a 10 percentage-point 

increase in the ratio of tract-level income to MSA-level income over the year. Under this definition, 7.3 

percent of majority-Black neighborhoods in the US were gentrified in 2018, which is almost five times 

the share of majority-white neighborhoods that were gentrified.  
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In addition, majority-Black neighborhoods experienced significantly more distressed sales.  

Forced home sales, such as foreclosures, more often occur among low-price homes than among high-

price homes (Campbell, Giglio, and Pathak 2011). If a distressed sale results in a lower price than similar 

homes in the neighborhood, AVM accuracy is likely to be compromised. Among all home sales nationally 

in majority-Black neighborhoods in 2018, 16.0 percent were distressed home sales, almost four times 

the rate in majority-white neighborhoods (4.4 percent).  

Average household income in majority-Black neighborhoods is nearly half that in majority-white 

neighborhoods. Lower incomes in majority-Black neighborhoods partly explain lower sales prices in 

these neighborhoods, which can increase the percentage magnitude of inaccuracy (Neal, Choi, and 

Walsh 2020). 

Majority-Black neighborhoods experience high turnover rates. In this analysis, we define turnover 

rate as the number of home sales per year divided by the number of homes. As AVM algorithms are 

based on comparable sales, greater turnover rates would provide a larger sample of comparable sales 

for AVM algorithms to provide more accurate estimates. The turnover rates in majority-Black 

neighborhoods are slightly higher than those of majority-white neighborhoods.  

TABLE 1 

Summary Statistics in 2018 

Variable 

Black Neighborhood White Neighborhood 

Mean SD Mean SD 

Home value $169,855  $128,275  $424,810  $279,438  
Property age (years) 47.5 24.4 41.3 23.1 
Standard deviation of neighborhood property ages (years) 14.3 7.0 12.9 7.3 
Percentage deviation of neighborhood property values  40.1% 15.4% 31.2% 12.0% 
Gentrified neighborhood 7.3% 26.1% 1.5% 12.2% 
Share of neighborhood distressed home sales 16.0% 22.5% 4.4% 13.3% 
Neighborhood median household income $55,647 $27,525 $108,177 $43,647 
Number of households in neighborhood 2,160 1,249 2,343 1,155 
Neighborhood-level turnover rate  8.7% 4.6% 6.9% 3.7% 

Sources: Property records data and American Community Survey data. 

Note: SD = standard deviation. 

Using the variables in table 1, we conducted a regression analysis using ordinary least squares 

regressions to examine the impact of those factors on the percentage magnitude of inaccuracy in 

Atlanta, Memphis, and Washington, DC, with 2018 as our analysis period.5 Table 2 presents the results 

of all regressions. In all the regressions, we include county fixed effects to control for local factors. The 

dependent variable is the percentage magnitude of inaccuracy. A positive sign in the coefficient means 

that the independent variable is associated with a higher percentage magnitude of inaccuracy. For 

example, the coefficient of share_distressed_sales (0.016**) shows that a 1 percentage-point increase in 

the share of distressed sales leads to a 1.6 basis-point increase in the percentage magnitude of 

inaccuracy. In this example, the two asterisks indicate that the coefficient is statistically significant at 
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the 95 percent confidence level. Significance at the 99 percent confidence level, three asterisks, is a 

stronger reading, while significance at the 90 percent confidence level, one asterisk, is weaker.  

The key findings from table 2 are as follows: 

1. Majority-Black neighborhood. The black neighborhood coefficient in column 1 shows that 

compared with majority-white neighborhoods, AVM inaccuracy in majority-Black 

neighborhoods is 20 percentage points greater. In this case, the magnitude of the coefficient in 

column 1 means that for a home with a median sales price of $140,000 in a majority-Black 

neighborhood, the percentage AVM error will be $28,000 greater than for a property with the 

same sales price in a majority-white neighborhood, after controlling only for county fixed 

effects. But the magnitude of this Black neighborhood coefficient is significantly reduced to 5 

percentage points after controlling for home values in column 2 and is further reduced to  

3.1 percentage points after controlling for neighborhood conditions and turnover rates in 

column 4. This means that for the same $140,000 property in a majority-Black neighborhood, 

the percentage AVM error will drop from $28,000 in column 1 to $4,340 in column 4. The Black 

neighborhood coefficient remains statistically significant, its magnitude smaller when we 

include other variables. Instead, sales price explains most of the gap. As noted, majority-white 

neighborhoods tend to have higher sales prices than majority-Black neighborhoods in our 

sample. 

2. Neighborhood heterogeneity. The standard deviation of neighborhood property ages loses 

significance after controlling for neighborhood quality, moving from significance at the 99 

percent confidence level to significance at the 90 percent confidence level. Nevertheless, with a 

coefficient of 0.039, dispersion in property age has a mild impact on the magnitude of 

percentage AVM inaccuracy. The dispersion of home values has a stronger impact. Not only is 

home value dispersion statistically significant at the 99 percent level, but the positive 

coefficient of 0.411 indicates that greater home value dispersion causes a larger magnitude of 

percentage AVM error.  

3. Neighborhood conditions. The coefficients on the share of distressed home sales and 

gentrification are positive, indicating that having a larger share of distressed home sales and 

gentrified neighborhoods tends to increase the percentage magnitude of inaccuracy. The 

negative coefficient in neighborhood household income indicates that low-income 

neighborhoods are more likely to have a greater percentage magnitude of inaccuracy. 

4. Turnover rate. The negative sign in the turnover rate coefficient shows how having greater 

comparable sales reduces AVM inaccuracy. Higher turnover rates generate more comparable 

sales, which help AVMs produce more accurate estimates under central tendency. 

Majority-Black neighborhoods tend to have lower home values, more heterogeneous properties, 

higher shares of distressed home sales and gentrified neighborhoods, and lower household incomes. All 

these factors are associated with a greater magnitude of percentage error in AVM estimations. 

Neighborhood heterogeneity, neighborhood quality, and turnover reflect racial disparities, which may 
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be rooted in racial bias and may inform the percentage AVM inaccuracy gap between majority-Black 

and majority-white neighborhoods. Even after controlling for these characteristics, the predominant 

race of the neighborhood still plays a statistically significant role in the determination of the percentage 

AVM inaccuracy gap. Because the AVM does not know the majority race of the neighborhood, the 

statistical significance of the neighborhood variable suggests that additional or more precise 

explanatory variables may be needed to address its statistical significance.  

TABLE 2  

Regression Results 

  

Dependent Variable: AVM Accuracy (%) 

(1) (2) (3) (4) 

Black neighborhood 20.091*** 5.043*** 3.480*** 3.066*** 

 (0.334) (0.409) (0.407) (0.431) 

Log (Home value)  -15.637*** -13.188*** -11.105*** 

 (0.256) (0.262) (0.324) 

Standard deviation of neighborhood 
property ages 

  0.088*** 0.039* 
(0.020) (0.020) 

Percentage deviation of neighborhood 
property values (%)  

  0.441*** 0.411*** 
(0.012) (0.012) 

Share of neighborhood distressed home 
sales (%) 

   0.016** 
(0.007) 

Gentrified neighborhood    1.728*** 

 (0.670) 

Log (Neighborhood median household 
income) 

   -3.366*** 
(0.482) 

Log (Number of households in 
neighborhood) 

   -4.731*** 
(0.298) 

Neighborhood-level turnover rate (%)    -0.136*** 

 (0.035) 

Constant 6.502*** 217.398*** 171.790*** 222.735*** 
  (1.400) (3.714) (3.840) (5.369) 

County fixed effects Yes Yes Yes Yes 

Observations 87,148 87,148 87,120 87,120 

R2 0.100 0.137 0.154 0.157 

Adjusted R2 0.100 0.137 0.153 0.157 

Residual standard error 37.570 36.790 36.438 36.365 
 (df=87,132) (df=87,131) (df=87,101) (df=87,096) 

F-statistics 644,504*** 863,508*** 877,915*** 705,377*** 
  (df=15; 87132) (df=16; 87,131) (df=18; 87,101) (df=23; 87,096) 

Note: AVM = automated valuation model. 

* p < 0.1; ** p < 0.05; *** p < 0.01. 

Boosting Investment and Expanding Valuation Inputs 

Can Reduce Racial Differences in AVM Inaccuracy 

These results highlight some determinants of the percentage AVM inaccuracy and explain why this 

measure of error may be greater in majority-Black neighborhoods relative to majority-white ones. 
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Factors related to majority-Black neighborhoods contribute to the racial gap in percentage AVM 

inaccuracy. But even after controlling for these measurable characteristics, some lost accuracy is 

associated with the majority race of the neighborhood.  

One way to improve conditions in majority-Black neighborhoods is to encourage direct investment 

to these communities (Tatian et al. 2012). Small businesses tend to reinvest in their local communities in 

support of job creation (Baily, Dyanan, and Elliott 2010), and Black-owned businesses in particular help 

stabilize underserved communities (Valley Economic Development Center 2015). Expanded capital 

access in support of small businesses in majority-Black neighborhoods will lead to increased hiring, 

which should reduce the likelihood of distressed sales and increase household incomes. 

Another way to improve neighborhood conditions is by supporting mission-related purchases of 

distressed sales. Amid the financial crisis and Great Recession, Congress authorized funding to purchase 

foreclosed properties. The Neighborhood Stabilization Program, which built on the Community 

Development Block Grant Program, was part of a package of US Department of Housing and Urban 

Development programs adopted to deal with the consequences of the housing market collapse (Spader 

et al. 2015). Program grantees, which included local governments, nonprofits, and multiple partner 

collaborations (i.e., a consortium) under the second round of the Neighborhood Stabilization Program 

(HUD, n.d.), undertook activities to help stave off the negative effects of foreclosures. 

The eligible activities included establishing financial assistance for the purchasers of foreclosed 

homes, purchasing and rehabilitating homes and residential properties that have been abandoned or 

foreclosed upon, establishing and operating land banks, demolishing blighted structures, and 

redeveloping demolished or vacant properties as housing. The program also encouraged grantees to 

target areas with the greatest need, identified by the areas with the highest share of foreclosed 

properties and home purchases financed through subprime loans, and the greatest likelihood of a future 

rise in foreclosures. Qualitative analysis of the second round of this program, obtained through 

interviews with grantees, suggests that it may have helped stabilize home prices (HUD, n.d.). These 

homes were ultimately made available to low-income households looking to purchase a primary 

residence.6  

The statistical results also indicate that even though the discrepancy in home values between 

majority-Black and majority-white neighborhoods has been shown to be connected to in-person 

appraisals,7 simply expanding AVM use may not eliminate racial disparities (Bartlett et al. 2019). 

Encouraging modelers to expand the variables included in their AVMs could reduce the magnitude of 

error in majority-Black neighborhoods.   

Conclusion 

Amid growing demand for financial technology solutions in response to documented evidence of race-

based discrimination and the COVID-19 pandemic, the use of AVMs in the housing process is poised to 

increase. To this end, Fannie Mae and Freddie Mac continue to improve and use these tools.8 The AVMs 

Fannie Mae and Freddie Mac use may differ from the ones we used in our analysis, but our findings 
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suggest that the expanded use of AVMs could disproportionately affect majority-Black neighborhoods 

and reinforce the impacts of past racial discrimination that often resulted in the undervaluation of 

Black-owned homes (Howell and Korver-Glenn 2020). 

A significantly lower appraised value, even from an AVM estimate, could lead to a cancelled sales 

contract, which can contribute to the Black-white homeownership rate gap and the Black-white wealth 

gap.9 Even if a too-low AVM estimate does not cancel a home sale, it could still reduce wealth 

accumulation, further compounding the Black-white wealth gap.  

Conversely, a home value estimate that is too high could artificially boost home values, making a 

homeowner’s balance sheet appear healthier or less risky than it really is. In addition, when used as a 

“comparable sale,” a home with too high of an assessed value would increase the probability of default, 

raising the risk of neighborhood economic malaise.  

When aggregated across society, these risks also have implications for policymakers responsible for 

macroeconomic and financial market supervision. More research is needed to identify the full scope of 

policy implications stemming from AVM inaccuracy. Nevertheless, the policy suggestions we present 

are meant to ensure that as the use of AVMs increases, its costs are better understood and more 

progress is made to ensure that all households experience the benefits of homeownership. 

Notes 
1  Laurie Goodman and Jun Zhu, “A Significantly Improved Appraisal Process Has Reduced the Riskiness of 

Refinance Mortgages,” Urban Wire (blog), Urban Institute, March 7, 2019, https://www.urban.org/urban-
wire/significantly-improved-appraisal-process-has-reduced-riskiness-refinance-mortgages.  

2  Michael Neal and Laurie Goodman, “Appraisal Waivers Have Helped Homeowners Find Payment Flexibility amid 
Pandemic-Induced Economic Struggles,” Urban Wire (blog), Urban Institute, October 16, 2020, 
https://www.urban.org/urban-wire/appraisal-waivers-have-helped-homeowners-find-payment-flexibility-amid-
pandemic-induced-economic-struggles.  

3  “Where’s the Real Value in Automated Valuation Models (AVMs)?” Realtors Property Resource blog, accessed 
December 21, 2020, http://blog.narrpr.com/news/wheres-real-value-automated-valuation-models-avms/.  

4  The measure of gentrification used in Guerrieri, Hartley, and Hurst (2013) differs slightly from (but is still 
consistent with) the calculation we employ.  

5  We use the log form of house values, neighborhood median household income, and number of households in the 
neighborhood for this regression analysis. 

6  “Neighborhood Stabilization Program (NSP),” Alameda County Community Development Agency, accessed 
December 21, 2020, https://www.acgov.org/cda/hcd/homeownership/nsp/forsale.htm.  

7  “Neighborhood Stabilization Program (NSP),” Alameda County Community Development Agency. 

8  Veros, “AVMs Make a Comeback,” HousingWire, April 6, 2017, https://www.housingwire.com/articles/39787-
avms-make-a-comeback/.  

9  Ingrid Case, “4 Ways to Challenge a Home Appraisal,” Interest.com. June 25, 2019, 
https://www.interest.com/mortgage/4-smart-moves-to-challenge-a-home-appraisal/.  

 

https://www.urban.org/urban-wire/significantly-improved-appraisal-process-has-reduced-riskiness-refinance-mortgages
https://www.urban.org/urban-wire/significantly-improved-appraisal-process-has-reduced-riskiness-refinance-mortgages
https://www.urban.org/urban-wire/appraisal-waivers-have-helped-homeowners-find-payment-flexibility-amid-pandemic-induced-economic-struggles
https://www.urban.org/urban-wire/appraisal-waivers-have-helped-homeowners-find-payment-flexibility-amid-pandemic-induced-economic-struggles
http://blog.narrpr.com/news/wheres-real-value-automated-valuation-models-avms/
https://www.acgov.org/cda/hcd/homeownership/nsp/forsale.htm
https://www.housingwire.com/articles/39787-avms-make-a-comeback/
https://www.housingwire.com/articles/39787-avms-make-a-comeback/
https://www.interest.com/mortgage/4-smart-moves-to-challenge-a-home-appraisal/


 1 4  Q U A N T I F Y I N G  R A C I A L  D I S P A R I T I E S  I N  H O M E  V A L U A T I O N  T E C H N O L O G Y  
 

References 
Avenancio-León, Carlos, and Troup Howard. 2020. The Assessment Gap: Racial Inequalities in Property Taxation. 

Working paper. Washington, DC: Washington Center for Equitable Growth. 

Baily, Martin Neil, Karen Dynan, and Douglas J. Elliott. 2010. “The Future of Small Business Entrepreneurship: Jobs 
Generator for the U.S. Economy.” Washington, DC: Brookings Institution. 

Bartlett, Robert, Adair Morse, Richard Stanton, and Nancy Wallace. 2019. Consumer Lending Discrimination in the 
FinTech Era. Berkeley: University of California, Berkeley.  

Campbell, John Y., Stefano Giglio, and Parag Pathak. 2011. “Forced Sales and House Prices.” American Economic 
Review 101 (5): 2108–31. 

Dornfest, Alan S., Bill Marchand, Doug Warr, August Dettbarn, Wayne Forde, Joshua Myers, and Carol Neihardt. 
2018. Standard on Automated Valuation Models (AVMs). Kansas City, MO: International Association of Assessing 
Officers. 

Ellen, Ingrid Gould, and Katherine O’Regan. 2008. “Reversal of Fortunes? Lower-Income Urban Neighbourhoods in 
the US in the 1990s.” Urban Studies 45 (4): 845–69. 

Goodman, Laurie, Alanna McCargo, Jim Parrott, Sheryl Pardo, Todd Hill, Jun Zhu, Michael Neal, et al. 2019. Housing 
Finance at a Glance: A Monthly Chartbook, October 2019. Washington, DC: Urban Institute. 

Guerrieri, Veronica, Daniel Hartley, and Erik Hurst. 2013. “Endogenous Gentrification and Housing Price 
Dynamics.” Journal of Public Economics 100:45–60. 

Howell, Junia, and Elizabeth Korver-Glenn. 2018. “Neighborhoods, Race, and the Twenty-First-Century Housing 
Appraisal Industry.” Sociology of Race and Ethnicity 4 (4): 473–90. 

———. 2020. “The Increasing Effects of Neighborhood Racial Composition on Housing Values, 1980–2015.” Social 
Problems. 

HUD (US Department of Housing and Urban Development). n.d. “NSP2 Awards by Total Allocation.” Washington, 
DC: HUD. 

Neal, Michael, Jung Hyun Choi, and John Walsh. 2020. Before the Pandemic, Homeowners of Color Faced Structural 
Barriers to the Benefits of Homeownership. Washington, DC: Urban Institute.  

Spader, Jonathan, Alvaro Cortes, Kimberly Burnett, Larry Buron, Michael DiDomenico, Anna Jefferson, Stephen 
Whitlow, Jennifer Lewis Buell, Christian Redfearn, and Jenny Scheutz. 2015. The Evaluation of the Neighborhood 
Stabilization Program. Washington, DC: US Department of Housing and Urban Development, Office of Policy 
Development and Research. 

Tatian, Peter A., G. Thomas Kingsley, Joseph Parilla, and Rolf Pendall. 2012. Building Successful Neighborhoods. 
Washington, DC: Urban Institute.  

Valley Economic Development Center. 2015. “Investing in the Success of African-American-Owned Small 
Businesses: Recommendations for Increasing Access to Capital.” Sherman Oaks, CA: Valley Economic 
Development Center. 

About the Authors 

Michael Neal is a senior research associate in the Housing Finance Policy Center at the Urban Institute. 

Previously, he worked at Fannie Mae, where he was a director of economics in the Economic and 

Strategic Research Division. Before his service at Fannie Mae, Neal was the assistant vice president at 

the National Association of Home Builder’s economic and housing policy department. As a housing 

economist, Neal has an in-depth knowledge of housing market trends and has provided expert analysis 

https://equitablegrowth.org/working-papers/the-assessment-gap-racial-inequalities-in-property-taxation/
https://www.brookings.edu/wp-content/uploads/2016/06/pb_175.pdf
https://www.brookings.edu/wp-content/uploads/2016/06/pb_175.pdf
https://faculty.haas.berkeley.edu/morse/research/papers/discrim.pdf
https://faculty.haas.berkeley.edu/morse/research/papers/discrim.pdf
https://www.iaao.org/media/standards/AVM_STANDARD_2018.pdf
https://www.urban.org/sites/default/files/publication/101274/october_chartbook_2019_1.pdf
https://www.urban.org/sites/default/files/publication/101274/october_chartbook_2019_1.pdf
https://www.hud.gov/sites/documents/DOC_14168.PDF
https://www.urban.org/research/publication/pandemic-homeowners-color-faced-structural-barriers-benefits-homeownership
https://www.urban.org/research/publication/pandemic-homeowners-color-faced-structural-barriers-benefits-homeownership
https://www.huduser.gov/portal/publications/pdf/neighborhood_stabilization.pdf
https://www.huduser.gov/portal/publications/pdf/neighborhood_stabilization.pdf
https://www.urban.org/sites/default/files/publication/25346/412557-building-successful-neighborhoods.pdf
https://www.jpmorganchase.com/content/dam/jpmc/jpmorgan-chase-and-co/documents/vedc-investing-in-success-of-aaosb.pdf
https://www.jpmorganchase.com/content/dam/jpmc/jpmorgan-chase-and-co/documents/vedc-investing-in-success-of-aaosb.pdf


Q U A N T I F Y I N G  R A C I A L  D I S P A R I T I E S  I N  H O M E  V A L U A T I O N  T E C H N O L O G Y  1 5   
 

and commentary on housing to media outlets around the country. Previously, Neal worked at 

Congress’s Joint Economic Committee, the Federal Reserve System, the Congressional Budget Office, 

and Goldman Sachs. Neal has a bachelor’s degree in economics from Morehouse College and a master’s 

degree in public administration from the University of Pennsylvania. 

Sarah Strochak is a PhD candidate at New York University and a former research analyst in the Housing 

Finance Policy Center. While at the Urban Institute, she worked with researchers to analyze data, write 

blog posts, and produce data visualizations for the center’s work on access to credit, homeownership, 

and affordable housing. Strochak received a BA with honors in economics from the University of 

California, Berkeley, with minors in city and regional planning and geospatial information science and 

technology. While at Berkeley, she was a research assistant at the Terner Center for Housing 

Innovation.  

Linna Zhu is a research associate in the Housing Finance Policy Center. Her research centers on housing 

economics, aging, and real estate finance. Zhu holds a BS in economics from Renmin University of China, 

an MS in finance from Johns Hopkins University, and a PhD in public policy and management from the 

University of Southern California. 

Caitlin Young is a research assistant in the Housing Finance Policy Center. She graduated from the 

University of North Carolina at Chapel Hill with majors in political science, for which she received 

highest honors, and in economics. She authored her senior thesis on the impact of state social welfare 

policy on recidivism outcomes. Before joining Urban, she interned with the Center for Community Self-

Help, a community development financial institution. 

Acknowledgements 

This brief was funded by the Urban Institute’s Fleishman Innovation Fund. We are grateful to them and 

to all our funders, who make it possible for Urban to advance its mission.  

The views expressed are those of the authors and should not be attributed to the Urban Institute, 

its trustees, or its funders. Funders do not determine research findings or the insights and 

recommendations of Urban experts. Further information on the Urban Institute’s funding principles is 

available at urban.org/fundingprinciples. 

ABOUT THE URBAN INSTITUTE  
The nonprofit Urban Institute is a leading research organization dedicated to 
developing evidence-based insights that improve people’s lives and strengthen 
communities. For 50 years, Urban has been the trusted source for rigorous analysis 
of complex social and economic issues; strategic advice to policymakers, 
philanthropists, and practitioners; and new, promising ideas that expand 
opportunities for all. Our work inspires effective decisions that advance fairness and 
enhance the well-being of people and places. 

Copyright © December 2020. Urban Institute. Permission is granted for 
reproduction of this file, with attribution to the Urban Institute.  

500 L’Enfant Plaza SW 
Washington, DC 20024 

www.urban.org 

http://www.urban.org/fundingprinciples

