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OverviewOverviewOverviewOverview    

 

AVMetrics has developed a new approach to tes(ng AVM accuracy. AVM tes(ng has evolved through 

three basic eras. In the 2000s, data updates and calcula(ons were slow and expensive, everything was 

done in batches, and value es(mates were calculated infrequently. Tes(ng was done by comparing AVM 

value es(mates to closed transac(ons without a lot of procedures to ensure that the AVM had not 

already incorporated the transac(on value, because incorpora(ng recent sales transac(ons into an 

es(ma(on algorithm took (me. 

However, in the mid-2010s, data had become more available and much closer to real (me, and 

computer processing power improved, allowing models to recalculate much more frequently. Mul(ple 

protocols were used to ensure that models’ es(mates were true es(mates and not yet informed by the 

transac(on price. Tes(ng (ming was compressed, and models were required to self-report the last 

known sales price, among other things.  

In recent years these precau(ons have been made obsolete by the use of Mul(ple Lis(ng Services’ lis(ng 

prices in the value es(ma(on process by AVMs. This innova(on presented a whole new challenge, 

because MLS dataa may be available to models long before transac(ons are posted.  

This phenomenon can be observed in figure 2, which depicts all par(cipa(ng models reac(ng in a 

par(cular market to lis(ng prices in a par(cular month. By amalgama(ng all the predic(ons in a 

par(cular county (Maricopa, for this example), we can show how they react to lis(ng prices. In the 

month of August in Maricopa, there were 333 proper(es for which we have lis(ng price data and a 

history of price predic(ons for every model. Proper(es were listed at an average premium of 13.1% to 

the average predicted price, and in the next month, predicted prices on average jumped 11.3%. This 

example shows anchoring in ac(on. 

Figure 1:  Original Tes�ng Method:  Sale then Value Es�mate and 

then AVM Update 



 

P a g e  3 | 17 

 

AVMETRICS’ PREDICTIVE TESTING METHODOLOGY 

 

AVMetrics’ solu(on is to capture the value es(mate before the lis(ng date, as illustrated in figure 3. 

 

The challenge with this approach is knowing which homes will be listed and sold ahead of (me. To 

circumvent this problem, we capture the predicted value of every residen(al property in the United 

States from every model in our tes(ng on a monthly basis and have been doing so since 2021. This 

Model Repository Database (MRD™) lays the founda(on for our Predic(ve Tes(ng Methodology (PTM™). 

    

 

 

 

Figure 3:  PTM™ Tes�ng Method: Capture Value Es�mates first, 

prior to Lis�ngs and AVM Updates. Sales, which are the basis for 

evalua�ng the es�mates, occur last. 

Figure 2 AVMs' average predic�ons vs lis�ng price in August (Maricopa County example) 
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AVM AVM AVM AVM Tes�ng RequirementsTes�ng RequirementsTes�ng RequirementsTes�ng Requirements    

A fundamental principle of tes(ng is that the condi
ons of tes
ng should match the condi
ons of use in 

the real world. Currently, AVM tes(ng condi(ons almost always include a lis(ng price that may be 

known by the models. However, the real-world uses of AVMs o?en include valuing collateral for HELOCS 

and refinance or suppor(ng quality assurance on appraisals of proper(es with no or dated MLS data. To 

be useful for those applica(ons, an AVM needs to be accurate in the absence of recent MLS lis(ng prices. 

An AVM that performs well only a?er it is informed of a property’s lis(ng price is not as useful as an AVM 

that can perform in the absence of such leading data.  

Dodd-Frank, through FIRREA sec(on 1125, requires regulated lenders to adhere to five principles of AVM 

use, including ensuring confidence in AVMs and performing random tes(ng. But the evolu(on of the 

industry has made prior methods of tes(ng fundamentally flawed. Our two studies demonstrate the 

extent to which the old methods are failing the industry. 

    

AVMetrics’ Limited Study and (New) Na�onal Footprint Study on AnchoringAVMetrics’ Limited Study and (New) Na�onal Footprint Study on AnchoringAVMetrics’ Limited Study and (New) Na�onal Footprint Study on AnchoringAVMetrics’ Limited Study and (New) Na�onal Footprint Study on Anchoring    
 

In 2022, AVMetrics conducted a study limited to seven valua(on models and proper(es in California. 

That study came to the same conclusions, but to test the robustness of those findings, we have now 

expanded to 15 models in 2023 and expanded from a single state (California) to a na(onal footprint with 

50 States and 2,893 coun(es. We relied on about 3 million benchmark transac(ons throughout 2023, 

including a special analysis of the fourth quarter of 2023.  

In this study, we have performed a compara(ve side-by-side analysis of both our Legacy and our new 

PTM™ tes(ng systems. We used an outcomes analysis to see how the models were anchoring their 

valua(on es(mates a?er a lis(ng price was published. We obtained value es(mates for the same 

proper(es for use in both tes(ng methodologies to ensure that the sampled proper(es were iden(cal. 

This gave us a measure of the difference in the model(s) tes(ng outcomes between the two 

methodologies. We believe that this new tes
ng method establishes a new “normal” for the predic
on 

accuracy of models uninfluenced by lis
ng price tes
ng outcomes.  

Not surprisingly, as in our original POC, the data clearly shows that models do respond quite 

unmistakably to lis(ng prices. As before, the (me series data show that when a lis(ng price becomes 

available and “informs” the model(s), the predic(on of value adjusts to the new informa(on. There is a 

discrete “jump” in the value es(mate that can be seen in the data. This behavior reflects the models’ 

response to being “informed” of the lis(ng price and subsequently “anchoring” on that number instead 

of relying solely on their core es(ma(on techniques. 

In this expanded Na(onal analysis of our new PTM™ tes(ng system, we focused the analysis on the 

Na(onal footprint and then drilled down on the states of California, Arizona and Florida and coun(es of 

Los Angeles, Maricopa and Miami-Dade as examples. In the four-quarter trend analysis the sample size 

was Q1~550,000, Q2 ~797,000, Q3~787,000 and Q4 at ~757,000 for a tes(ng set of +/- 3 million 

proper(es.  
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Table 1- Record counts from 3 states and 3 coun�es for all four quarters of 2023. 

To conduct the analysis, a common set of benchmarks from both tes(ng plaNorms was created. This 

“filteredb” data set was ~636,000 records in Q4 of 2023, which is about 84% of the gross sample size.  

That ra(o is representa(ve of the other quarters. The advantage of having such enormous sample sizes 

in all of our tes(ng means that we have the luxury of paring down each data set un(l we have the exact 

same benchmarks being used in two different methodologies and yet s(ll maintain a dataset of ~636,000 

records for Q4, which is comfortably capable of na(onwide analysis, state level analysis and county level 

analysis in hundreds of the most populous coun(es in the country.c  

The selected fi?een (15) models were part of our Legacy tes(ng process in 2023. These models also have 

a full set of 2023 data in our MRD™  database covering the en(re na(on. (There are now over 20 models 

in the MRD™ to support the PTM™ going forward into 2024.) The compara(ve tests confirmed that, 

when comparing model performance before and a?er the lis(ng price is accessible, the difference in 

accuracy and error is significant.  

The following analysis is displayed as both a four-quarter trend analysis and an individual model analysis 

focused on three key metrics. Those key metrics are  

• PPE - the percentage of proper(es for which the AVM predicts selling prices to within +/- a given 

percentage. The complement of the Failure Rate. 

• MAE (mean absolute error) - the absolute value of the average percentage error that the model 

exhibits when evalua(ng the proper(es in the test sample.  

• RT20 (or Right Tailed error greater than 20%) - the percentage of proper(es whose AVM 

valua(on exceeds its corresponding selling price by more than 20 percent. RT20 indicates a 

poten(al overvalua(on that can expose a lender to significant risk. 
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The The The The AnalysisAnalysisAnalysisAnalysis    
 

Figure 4 shows the overall performance of the 15 models throughout 2023 based on the PTM™ dataset 

using only the uninformed value es(mates. The “Within PPE 10%” trend for example, ranges from ~56% 

to ~62% on average without the lis(ng price to anchor to. The best model each quarter performed ~12 

to ~13 percentage points bePer than the average. 

 

Figure 4 - 2023 overall model performance trend using PPE10. 
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Figure 5 below details the performance of each of the 15 models in the fourth quarter of 2023. The blue 

bars represent PPE10 error percentages when models are informed, and the red bars represent 

performance when models are uninformed. A few conclusions are immediately apparentd: 

• There is a lot of variance in the baseline performance of the 15 subject models. 

• Every model performs bePer when informed of lis(ng prices. 

• The improvement from exposure to lis(ng prices is very significant.  

For example, Model A improved its PPE10 metric by almost 25 percentage points by relying on lis(ng 

prices (from 51.9% to 76.8%). Overall, the group improved their PPE10 performance by 22 percentage 

points through the use of lis(ng prices (from 61.8% to 83.8%). 

 

Figure 5 - Q4 Performance of each model, with and without anchoring, across all 50 states. 
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Figure 6 is analogous to figure 5, but performance metrics were limited to transac(ons in Q4 in 

California. The same conclusions are apparent. A few models gain only a very slight advantage by using 

lis(ng prices (models E, F and P). Other models improve over 25 percentage points to a phenomenal 

PPE10 of 97.7% (model H).  

 

Figure 6 - Q4 Performance of each model, with and without anchoring, in California only. 
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Figure 7 is again analogous to the previous pictures, but it reflects an analysis that has been limited to 

Q4 in Los Angeles County, CA. Overall, the models improved their PPE10 performance by 21.7 

percentage points (from 64% to 85.7%). 

 

Figure 7 - Q4 Performance of each model, with and without anchoring, in Los Angeles County only. 

 

 

  



 

P a g e  10 | 17 

 

AVMETRICS’ PREDICTIVE TESTING METHODOLOGY 

A different perspec(ve on the na(onal trend analysis is available via the average mean absolute variance 

(MAE). Whereas a higher PPE10 is bePer, the opposite is true of MAE. As a result, the downward sloping 

trend actually represents the same underlying reality: the models improved throughout the year. Their 

MAE metrics, unaided by anchoring on lis(ng prices, ranged from ~11.5% to ~13% in this Na(onal test. 

The high preforming model(s) posted MAE scores less than 10%, declining to ~8%, which is s(ll very 

respectable.  

 

Figure 8 - 2023 overall model performance trend using MAE. 
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For Q4 of 2023, the na(onwide results vary significantly between the models. The PTM™ analysis, using 

value es(mates without lis(ng price anchoring, averaged an MAE of 11.6%. With lis(ng prices available 

to them, the same models averaged 7.0% MAE.  

It is interes(ng to note that some models were able to perform bePer without lis(ng prices than other 

models performed with them. For example, models H, K and O performed bePer without lis(ng prices 

than models P, L and A performed with the lis(ng prices.  

 

Figure 9 - Q4 Performance of each model, as measured by MAE, with and without anchoring, across all 50 states. 
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Figures 10 & 11 reflect the same message: Every model performed bePer with lis(ng prices than without 

when the sample is limited to only California or only Los Angeles California.  

 

Figure 10 - Q4 Performance of each model, as measured by MAE, with and without anchoring, in California only.

 

Figure 11 - Q4 Performance of each model, as measured by MAE, with and without anchoring, in Los Angeles County only. 
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The na(onal level trend analysis average of the greater than +20% (overvalua(on) error rate 

(unanchored) dropped from a high of 12.7% in Q1 to 8.4% in Q4 for the models as they and the market 

stabilized in 2023.  

 

Figure 12 - 2023 overall model performance trend using RT20%. 

For Q4 of 2023, as with the other metrics, the na(onwide RT20% results vary significantly between the 

models. The PTM™ analysis, without lis(ng price anchoring, produced an average RT20% of 8.4%. With 

lis(ng prices available to them, the same models averaged 5.3% (see Fig. 13). That 3.1% improvement 

exemplifies how substan(al the anchoring effect is.   

Again, some models were able to perform bePer without lis(ng prices than other models performed 

with them. Once again, models H, K and O performed bePer without lis(ng prices than six other models 

performed with the lis(ng prices.  
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Figure 13- Q4 Performance of each model, as measured by RT20%, with and without anchoring, across all 50 states. 

Figures 14 & 15 again reflect those same conclusions using data from only California and only Los 

Angeles County.  

 

Figure 14- Q4 Performance of each model, as measured by RT20%, with and without anchoring, in California only. 
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Figure 15 - Q4 Performance of each model, as measured by RT20%, with and without anchoring, in Los Angeles County only. 

 

Consistency of Results Across Consistency of Results Across Consistency of Results Across Consistency of Results Across GeographiesGeographiesGeographiesGeographies    
 

The preceding analysis focused on California and Los Angeles County to provide the reader with the 

ability to observe different metrics being applied to the same geographic data set. The same analysis 

could be completed across every different county in the United States, and we have performed it, but 

the result would be an overwhelming number of charts if viewed in a similar fashion. So, we have 

summarized those results in the following table. It shows the difference between the Legacy PPE10% and 

PTM™ PPE10% (PPE10% being the most commonly referenced overall metric) for the top 25 coun(es, 

which account for 20% of the total records in our analysis.  

Figure 16 below details how par(cipa(ng models in every county performed bePer when informed of 

lis(ng prices (i.e., using the Legacy tes(ng method). Note that every single percentage in the chart is 

posi(ve. This demonstrates the universality of the conclusion, across all geographies and for all models: 

knowing the lis(ng price doesn’t just (lt the results in some places and (mes; it is always and 

everywhere a tremendous influence. 
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The The The The ConclusionConclusionConclusionConclusionssss    
 

Current tes(ng prac(ces u(lize available best prac(ces to build and maintain a qualified set of 

transac(ons that sa(sfy benchmarking standards, including back-end filtering methodologies. And yet, 

the prac(ces s(ll allow models to be informed and influenced by lis(ng prices, thereby skewing tes(ng 

metrics and making models appear more accurate than their unanchored predic(ons. If AVM tes(ng 

prohibited the use of MLS lis(ng prices (as in our PTM™), the predic(ve accuracy of the models would be 

much more realis(c. 

Furthermore, the data shows different models are more willing and able to leverage the MLS pricing 

data, crea(ng an uneven playing field.  

As a result, not only are old tes(ng methods unable to measure how accurate AVMs are in real world use 

cases, they are not able to effec(vely compare models and rank them appropriately.  

In our previous analysis we restricted the tes(ng to just California with a much smaller test data set and 

fewer models.  As we expanded our new tes(ng methodology with many more models and a much 

larger data set to a na(onal scope, we expected to see similar results with varia(ons based upon each 

model’s access to MLS by geography. 

This expanded assessment of the new test methodology clearly shows that it met our expecta(ons and 

that PTM™ can remove the influence of MLS list price informa(on being used by the models on a 

Figure 16 Difference between Legacy and PTM™ PPE10% performance for every model in the top 25 coun�es in the U.S. in Q4 

https://www.avmetrics.net/whitepapers/
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localized and na(onal level, thus, answering the ques(on: “Is this methodology applicable in all 

geographies?” The short answer is, “Yes,” as demonstrated in Figure 16.  

At AVMetrics, our mission is to support the AVM industry through effec(ve, truly independente model 

tes(ng and valida(on, and we believe that this innova(on in tes(ng methodology advances that mission 

in two important ways. First, it levels the playing field for AVM builders, some of whom have more access 

to or reliance on lis(ng prices. Second, this new tes(ng methodology supports a higher standard of care 

and best prac(ce for valua(on tool(s) assessment and therefore meets/exceeds many of the objec(ves 

of the recently announced AVM Quality Control Standards. 

  

 

 
a Most MLS data can be valuable to models in many ways that do not corrupt the tes�ng process, for 

example, by providing updated informa�on on property characteris�cs. 
b Filtering was used to align the Legacy model value returns with the PTM™ value returns so that both 

were valuing the same proper�es for each model. 
c Q4 results are shown, but all four quarters’ analysis reveals similar rela�onships. Q4 has the advantage 

of being the freshest data. We typically rely on a quarter’s worth of data, because the sample is large 

enough to support reliable analysis in narrow subsets, but a quarter is brief enough that it captures a 

meaningful snapshot of a model’s performance. Averaging over the course of a year would obscure both 

market changes and model updates. 
d AEI recently published a study with these same conclusions using a data set limited to only five models 

in 34 coun�es but extending over 6 years. 
e Independent Tes�ng/Valida�on is a model valida�on process designed and executed by par�es that are 

separate (independent) from those that build, sell, resell or are using or running the AVM system being 

validated. 

https://www.aei.org/research-products/report/results-on-the-aei-housing-centers-evaluation-of-avm-providers/

