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I.

Abstract

A significant limitation of conventional appraisal methods is their reliance on
outdated manual techniques, such as matched pair analyses, which bypass prop-
erty feature value contributions as if they didn’t exist. In fact, value contri-
butions provide the necessary basis for mathematical constraints that prevent
over and undervaluation by traditional appraisers.

The Residual Constraint Approach (RCA) advances the traditional Sales
Comparison Approach (SCA) by integrating a multi-phase valuation process
that employs Multivariate Adaptive Regression Splines (MARS) alongside rig-
orous mathematical constraints on feature value contributions, in particular
unmeasured features such as condition, quality, aesthetics and design whose
values are typically subject to subjective judgment and bias by the traditional
appraiser.

The mathematical constraints in RCA rely on the expert application of
MARS regression to estimate the value contributions of measurable property
features to the sale price. However, this estimate typically accounts for only
about 80% of the actual sale price, excluding subjectively assessed features like
condition, quality, design, and functional utility. In the San Francisco Bay Area,
the residual—representing these subjective components—averages around 20%
of the total property value. While MARS residuals are often treated as es-
timation errors in other contexts, in real estate valuation, they serve as an
indirect measure of subjective feature value. Though this might initially seem
impractical, proof demonstrates that the residual can be meaningfully decom-
posed into descriptive components, provided their contributions sum to the
residual—without affecting the final valuation outcome.

This methodology emerges from two decades of empirical application by
the author, developed through iterative MARS implementations in R and
Python environments.

Introduction valued at approximately $45 trillion.

Fan-

This article aims to establish the mathe-
matical and logical foundations of the Resid-
ual Constraint Approach (RCA), which offers
markedly improved reliability and accuracy
in estimating the market value of residential
real estate. Although adaptable to various
asset valuations, RCA is vital in high-value
housing markets. For instance, homes com-
monly range between 2 and 4 million in com-
munities like Burlingame, CA.

Accurate appraisals are crucial with the
total residential real estate market in the US

nie Mae reports that typical appraisals are
approximately 5% of the actual sale price.
However, this should not be misconstrued as
a measure of precision since appraisers of-
ten face pressure to align appraisals with sale
prices. Moreover, as 60%-70% of appraisals
serve refinancing purposes—where compara-
tive sale prices are absent—the lack of actual
sale price comparisons underscores the need
for more precise valuation methods like RCA.

The Federal Reserve conducted an anal-
ysis in 2012 suggesting that in normal mar-
ket conditions, about 15-20% of appraisals
done prior to the 2008 financial crisis devi-



ated by more than + 10% from the eventual
sale price. It is my opinion that the accuracy
of standard home appraisals for refinancing
purposes is still likely around + 10%; lesser in
areas of conforming houses such as newer sub-
divisions, and higher in areas of older homes
that have gone through several updates. One
of the principal sources of deviation is the
adjustments for unmeasurable or difficult-to-
measure variables such as condition, quality,
view, functional utility, as well as a number
of other variables.

Who cares about accuracy? On the one
hand, if the LTV (Loan To Value) is low
enough, the lenders and the GSEs are often
willing to allow a waiver for an appraisal. For
example, suppose a buyer with a strong credit
history and income is making a down pay-
ment of $500K on a 1M home. In that case,
they assume that the risk of not recovering
any outstanding debt in case of an eventual
foreclosure is relatively low. However, in such
cases, if the buyer foregoes any appraisal, he
may later find out that he paid far more for
the property than what it was worth. In fact,
what happens is that in the frenzy of buying
a home, significant defects in the property
go unnoticed until it is too late to do any-
thing about them. Of course, the buyer can
be blamed for not being astute or knowledge-
able, all the more reason that such issues lead
to self-inflicted mental torture, perhaps living
in that house for decades.

When it comes to the purchase of expen-
sive homes, mistakes can be made, and the
resulting consequences are often not pleasant.
Why do people risk tens, hundreds of thou-
sands, or possibly millions of dollars to save
$600 - $1000 on an appraisal? The simple
answer is that there is little confidence that
spending more for an appraisal will make a
difference. More thoughtful valuations em-
ploying advanced analytical methods take
more time and resources than traditional resi-
dential home appraisals and are consequently

more expensive than traditional appraisals.
However, as time progresses, experience is
gained, and methods are improved, the time
requirements should be reduced.

II. Background

The author’s educational background is
in mathematics, computer science, and statis-
tics. By profession, he is a software engineer
with secondary experience in appraisal and
accounting. He has been doing appraisals,
off and on, since 2002 and has applied MARS
since about 2004 for determining property ad-
justments and price trends in residential real
estate.

Appraising with MARS is "deep experi-
ence” in appraisal. MARS generates models
that reflect in greater detail than any other
statistical method both the variables that
contribute to market value and how changes
in those values impact sale price. Thus, in
appraising with MARS, the appraiser is con-
stantly investigating causal relationships be-
tween variable values and sale prices as gen-
erated by MARS models.

In the interest of transparency, the RCA
methodology is best applied to residential ar-
eas with these characteristics:

1. Complex neighborhoods with properties
that are quite different from one another

e Older homes
Varied qualities of updating

Many different architectures and de-
signs

Variation in property attributes like
GLA, lot size, elevation, and view.

2. Complex market conditions

e Quickly changing market conditions

e Many different types of buyers



3. Good data sources: The RCA protocol is
based on Data Mining and needs plenti-
ful quality data. While it can be used for
areas with sparse data, it might not be
worth the time and cost required.

4. Accurate estimates of market value are
desired. RCA should, in most cases, be
able to provide + 1-2% accuracy. The val-
uation engineer report should comment
on the conditions for accuracy in the fi-
nal value conclusion. If data or informa-
tion is lacking, or if consistent patterns
in the market have not been uncovered
through data mining, then the accuracy
will suffer, and the client should be in-
formed of the situation. Specifically, A
high R2 and CVR2, a meaningful MARS
model, and a strong pattern in property
CQA (condition-quality-appeal) features
in the ranked residuals are the principal
means for assessing accuracy and reliabil-
ity in the value conclusion.

The development of these RCA protocols over
the past 20+ years is based on the availabil-
ity of MLS Listings Inc. (Sunnyvale, CA)
and other MLS, which are currently acces-
sible through MLS Listings, which comprises
over 95% of the author’s data analysis ex-
perience. The author’s expertise stems from
extensive appraisal work across 15 primary
Northern California counties, with additional
experience in 10 secondary counties.

The RCA methodology is most effective
in markets that meet two key criteria:

1. Rich availability of high-quality appraisal
data

2. Complex, heterogeneous residential areas
characterized by:
e Diverse architectural styles
e Varying degrees of property updates

e Multi-decade development patterns



California County
Experience

The author’s understanding is molded
to a large extent by his experience as an
appraiser in the following North California
counties:

San Mateo  Santa Clara Marin

Napa Monterey Santa Rosa
Alameda San Francisco Contra Costa
Sacramento El Dorado San Joaquin
Stanislaus  Placer Solano
Mendocino  Lake Colusa
Merced Nevada San Benito
Santa Cruz Sutter Yuba

The above areas essentially take in the
Silicon Valley and its surrounding coun-
ties, extending outward into more rural
area, including the Central Valley and Sierra
foothills. It should be mentioned that the au-
thor has always had access to plentiful and
relatively accurate data compared to what
many appraisers in other less developed ar-
eas in the US have at their disposal.

It should be noted that the MLS data
the author uses is RESO Certified, comply-
ing with the RCF format, which is derived
from the old RETS format. Despite RCF cer-
tification, a data of usually secondary impor-
tance is often missing or incorrect for some
properties, either through original tax asses-
sor or subsequent sales agent MLS input er-
rors. Often these errors follow a pattern, such
as simply not making an input if the feature
doesn’t exist. For example, instead of enter-
ing 0 for ”carport spaces”, when there is no
carport, nothing is entered. In areas where
carports are rare, the analyst would be ad-
vised to substitute 0 for no data, in order to
get a useful adjustment for carports, when
occasionally there is a carport. MARS can
handle missing data, it is up to the Valua-
tion Engineer (VE) to decide on how to best
handle it.

MLSListings data is also available from
the MLS’s of some other states, from Florida
to Hawaii. This can be useful for testing how
well protocols and code work in different en-
vironments.



III. Valuation Engineer

Definition 1: Valuation Engineer

To prevent ambiguity, The term “Val-
uation Engineer” (or "VE” for short)
is used to denote an individual pos-
sessing the expertise of a licensed ap-
praiser, coupled with advanced knowl-
edge, skills, and experience in utilizing
data mining, statistics, programming,
detailed protocols, and artificial intelli-
gence to ascertain the market value of
complex properties. It is also crucial to
recognize that valuation is a task that
necessitates some form of licensing due
to the established potential for fraud.

2. Hybrid appraisals - utilizing unlicensed
6inspectors with licensed appraiser over-
sight

3. Standard appraisals - performed by li-
censed appraisers

Absent from typical consideration for ap-
praisal work are Engineer-level Appraisals.
There simply aren’t many appraisers around
with the skill set to do these. There should
be a need for them. They can provide signif-
icantly higher accuracy and nearly guaran-
tee fairly good objectivity with the employ-
ment of RCA methodology (MARS and con-
straints).

For conforming properties in newer sub-
divisions, standard appraisals generally suf-
fice. However, engineer valuations are recom-
mended for older homes in areas with signif-

Lenders typically offer several valuation
options:

1. Automated Valuation Models (AVMs) -
lowest cost option

icant renovation history spanning 30+ years.
The choice between these methods should fol-
low a structured decision process based on
property characteristics and market condi-
tions.

4 Scope of Work: Determine Required Type of Valuation R
Bid 98% - $1,200-$2,000+ Engineer
: ) ) Engineer Valuation
Request Review Bid Request Valuation Quote
Requirements
0,
_ o $600-5800+ .
Bid Min A isal Appraisal
: ppraisa
Request AReqwred Quote
urac=y
Assess Required < $150-$225 )
Accuracy Level Hvbrid Hybrid
80-85% with v Quote
Inspéeoiilon $15-550
© AVM
S L Quote




A. Assumptions

Assumption 1: Geographical Area & Property Type

The scope of this paper primarily focuses on single-family homes and condominiums
in California’s metropolitan and urban areas. While the Sales Comparison Approach
applies to other property types and geographical regions, income and cost approaches
typically play a more dominant role when valuing agricultural land, multi-family prop-
erties, and commercial real estate. In such cases, the RCA approach may need modi-
fication or have limited applicability.

Assumption 2: Data Storage

CSV and Excel are heavily used by MLS systems and assumed to be the principal way
to feed data to RCA programs. Although broker feeds can be used to feed data contin-
ually into SQL databases. Backup and intermediate storage often uses SQL databases
and two that play big roles are the free and open source SQLite and PostgreSQL. Text
or RTF files are also used for report snippets and PNG, JPG, TIFF files are used for
graphics. Note that Microsoft’s SQL Server is also used by many, but the free edition
”SQL Server Express” is very limited (e.g. only 1 CPU Core can be used) and other
versions have hefty license fees for commercial use. Real Estate databases in Califor-
nia can be very large and joins can be very time consuming, so a 84 core computer
with 128G of RAM can be useful for large joins. SQL databases are also important
when you need to find all of the properties in an arbitrarily bounded area. So, if for
example, you used Cluster Analysis to define neighborhoods, you would be inclined to
use some SQL database. However, different databases have different built-in functions
for handling geographic information and thus are not compatible with one another.
For this set of articles on RCA, PostgreSQL will be assumed for complex SQL tasks
and SQLite for simple tasks.

Assumption 3: ”"R/earth” Is Used For MARS processing.

Until 2017, Salford Systems’ MARS software was an affordable solution at $270 per
year. However, after Minitab’s acquisition of Salford Systems, MARS was bundled
into their SPM package at $16,000 annually—a price point prohibitive for most small
businesses. Fortunately, the R programming language’s ”earth” package, maintained
by Stephen Milborrow, has evolved to match or exceed the capabilities of Minitab’s
SPM MARS. The earth package offers additional advantages: it’s freely available, in-
tegrates seamlessly with R’s comprehensive statistical ecosystem, and can be accessed
through Python using Pandas, providing excellent flexibility for different workflows.
Discussions related to MARS assume the specific use of R/earth.



Assumption 4: Notation

Standard Latin character notation is used to represent program external CSV or Excel
spreadsheets, or the corresponding program internal R and Python data frames. But
as the discussion turns towards variables which have numerous types and subsets,
mathematical notation with Greek letters is employed to maintain clarity and avoid
muddled thinking. However, for some, this may be a bit painstaking and tedious. In
any case, assume if you see Greek characters, you are in the land of variables or lists or
sets of variables. With only Latin characters, larger data structures are being referred
to, such as data frames or sets of data frames or real estate property data (rows) of
such data frames.

Assumption 5: Programming Languages

In this field R and Python w/Pandas are the dominant languages, with C or C++
being used when speed is important. R/earth is itself written in R and C.

Assumption 6: Indexing

In mathematics, indexing typically starts at 1, In C, C# and C++ programming
languages and Python, indexing starts at 0. In R, indexing starts at 1. Very confusing
since all of these have to be dealt with in practice - R and Python often call C code
which is used in the RCA programs the author has written. To keep things simple,
all list, matrix and data frame indexing is assumed in this paper to start at 0. And
further, it is assumed that index 0, if it is used in some property list or array, represents
the subject property. For matrices and data frames, row 0 is for the subject property
and column 0 is a set of unique identifiers for the properties. A good practice is to
first put the subject property in the first row and then rank all other properties under
it from newest sale date to oldest and then sequentially assign an integer number to
each of the properties starting with 0 for the subject property.

Also note that in implementing this papers math notation for R code, you will need
to shift from 0 based to 1 based indexing by adding 1 to all indexes.



IV. RCA Workflow

Understanding the RCA workflow is es-
sential for effective analysis. The process fol-
lows a structured sequence of analytical tasks
and decision points

A. Types of MARS Analysis?

The workflow for MARS analysis de-
pends on whether only a market analysis is
needed or whether the valuation or appraisal
of a given property is required. Note that a
specific property appraisal typically requires
an analysis of its market area.

e Market Analysis: focuses on broad areas
such as counties, cities, or defined regions.
This approach does not involve a spe-
cific subject property and thus requires no
value conclusion. The workflow centers on
model development, validation, and the
generation of supporting analytics. The
process concludes once the optimal model
is identified and documented.

e Single Property Analysis encompasses all
elements of market analysis plus the de-
termination of a specific property’s value.
This differs fundamentally from tradi-
tional appraisal methods. In traditional
approaches, value is typically derived by
adjusting 3-9 comparable sales and com-
puting a weighted average. In contrast,
RCA determines value primarily through
two components:

1. The MARS model’s predicted value

2. The estimated property-specific
residual (with the associated CQA
score)

The Sales Grid in RCA serves primarily to
explain value differences between the sub-
ject and comparables by illustrating vari-
able contributions. A key advantage of

RCA is its stability: while clients may de-
bate comparable selection, the value con-
clusion remains consistent regardless of
which comparables are chosen for presen-
tation, as all sales (whether 15 or 600)
are adjusted using the same model. While
older sales are automatically adjusted to
current market conditions, recent sales
are generally preferable. The model’s ef-
fectiveness in capturing price factors di-
minishes with temporal distance, as un-
measured market characteristics become
more significant over longer periods.

B. Processing Workflow

The overall processing workflow can be
descdribed by these step:

1. Scope of work.

2. Setup initial project folders and files.

3. Download MLS data. Refer to Protocol
1-3 on the number of property records
needed and setting limitations on date
ranges.

4. Complete configurations sheets: Re-
gression variables, Interactios, Aggre-
gations, Calculations.

5. Run MARS (R/earth) regression to cre-
ate price model.

6. Generate property price estimates &
residuals.

7. Rank properties by residual/SF.

8. Create CQA scores for each comparable
sale.

9. Assign CQA score to subject property.

10. Assign residual to sroperty as residu-

al/SF - GLA.

10



11. Add the MARS price estimate and
assigned residual to Aarive at sub-

ject value conclusion.

12. Break down the subject residual into

descriptive components and value c.

13. Calculate comparable value contribu-
tions & adjustments, plus all subtotals

and adjusted sale prices.

14. The adjusted sale prices will be equal

to the subject final value conclusion.

15. Select the 6-12 most similar properties

for the Sales Grid.

16. Break down the residuals for the com-
parables into component value contri-
butions, setting the redidual total to 0

as after the break down is completed.

17. Calculate the comparable residual com-
ponent adjustments, setting the compa-

rable residual total adjustment to 0.

18. Recalculate all subtotals and sales grid
comparable adjusted sale price. Check

values.
19. Upload Sales Grid to Report.

Note that with RCA, the final value con-
clusion does NOT directly derive from the
comparable values in the Sales Grid. With
the RCA method, the Sales Grid becomes a
tool only for explaining why properties that
appear similar to the subject, sell for more or
less than the final value conclusion or the sub-
ject properties appraised value. This must
be viewed a different way: The subject value
conclusion depends on the MARS model price

11

estimate, and the residual estimated by the
valuation engineer. But these two quanti-
ties are very dependent on all of the prop-
erties that went into the R/earth regression,
which created the ranking of property resid-
uals that determined the CQA score of the
subject property thus determined its residual
through placement in the ranking by the valu-
ation engineer. The adjustments in the Sales
Grid are really determined by the imposed
mathematical constraints of RCA, although
the residual breakdown is somewhat at the
mercy of the VE, the break down value con-
tribution totals must always add up to the
associated residual. We know from Proof 2
that the while the actual values if the residual
components may vary depending on the judg-
ment of the VE, their totals for a given prop-
erty are completely constrained and therefore
will not change the adjusted sale price for the
associated property, regardless of how the VE
alters the residual breakdown.

C. Data Workflow

Note that in this paper, only a high-level
workflow is presented for the RCA method.
Other articles will delve into the various
stages and substages of RCA analysis.

1) Data Requirements for MARS

We will need to specify a beginning date
for sales transactions and an ending date
based on the effective date of appraisal or val-
uation. This usually takes into consideration
the estimated number of regression variables
and interactions that will be needed for each
degree of interaction over 1.



2) Protocols: Closed Sales Listings

Protocol 1: Determining the Number of MLS Closed Sales Listings Re-
quired

This protocol describes how to calculate the recommended minimum number of closed
sales listings to input into MARS regression. You will need to make a rough estimate,
to begin with, run MARS in first, second, and possibly third-degree runs to generate
the initial model, and then review the number of rows according to the following
rules to determine if more rows are needed. This protocol assumes the independent
variables are 100% independent, which in real estate is rarely the case; for example,
GLA and room counts are usually highly correlated, and GLA is also likely to show
correlation with lot size. This gets into the calculation of " Degrees of Freedom (DOF).”
Each truly independent variable gets one degree of freedom. But, when there are
dependencies between the so-called independent variables, an accurate calculation of
the DOF requires some analysis that is beyond the scope of this paper. Just keep in
mind that due to likely co-linearity between variables, the estimates below are probably
on the high side.

1. For first-order terms (no interactions), the ~ 15 rows per variable rule works well

2. For each allowed two-way interaction, you should add approximately 15-30 prop-
erties

3. For higher-order interactions (3+ variables), each should have 30+ properties.

However, this isn’t a hard rule. The actual number needed can depend on:

The signal-to-noise ratio in your data

The complexity of relationships you’re trying to model
The variability in your response variable

The quality of your data

Example:

So if you have:

e 10 main variables
e 5 allowed two-way interactions
e 2 allowed three-way interactions

You might calculate your minimum number of sales as:

N = (10 variables * 15 rows/variable ) +

(5 two-way-interactions * 22 rows/two-way-interaction) -+

(2 three-way-interactions * 30 rows/three-way-interaction)

= 320 rows
Alternatively, you may do the following: After running R/earth on a set of data,
you can use the number of basis functions in the model, plus one as an estimate for
the degrees of freedom and then take this number times 20-30 to get the number of
input records needed.

12



Protocol 2: Sales Periods Should Encompass Minimal Change in Buyer
Tastes

When collecting historical property data, there is no strict time limitation if changes
in market preferences can be captured through appropriate variables. Consider these
key points for handling architectural evolution in your market: Changes in dominant
architectural styles (such as a shift from California Ranch to Mediterranean) can be
modeled using:

e Subdivision identifiers
e MLS area codes
e Construction date ranges

However, if these style changes cannot be adequately captured through specific vari-
ables, you face an important constraint: while Date of Sale is typically used to adjust
for market conditions, using it simultaneously to control for architectural preferences
would confound these two distinct effects. In such cases, the preferred approach is to
either:

1. Limit your data collection to the period after the introduction of the newer
architectural style

2. Restrict your comparable selection to subdivisions sharing the same architectural
style

This ensures your analysis maintains consistency in property characteristics while still
allowing proper adjustment for market conditions over time. Alternatively, at least in
this case, assuming you can extract the architectural style from the data, you could
consider the interaction between these two variables. However, such extraction is not
always possible.

Protocol 3: If In An Area Of Few Sales Then Do The Best You Can

When working with MARS modeling for sales data, you need approximately 15 trans-
actions for meaningful analysis. If you have fewer sales (for example, 5 properties),
you can duplicate each record twice to reach the 15-property threshold. Important
considerations for this approach:

1. Use only first-degree regression to reduce over-fitting

2. Ignore or skip cross-validation since the data set is too limited

3. While MARS will likely outperform matched pairs or standard linear regression
methods in this scenario, be aware that duplicating data affects the validity of
uncertainty measurements and statistical significance

The best long-term solution is to expand your data-set with additional actual sales.
However, if you must proceed with limited data, data duplication provides a workable
temporary solution while acknowledging its statistical limitations.

13



D. Project Folder Structure

It would be a good idea to discuss project
folder structure. It is a good idea to have a
separate folder for Market Analyses and Sin-
gle Property Appraisals. Both of these folders
have a similar subfolder structure:

RCA_ Projects/
| MarketAnalysis/
Burlingame 20240501/
Pacifica_ 20240310/
RedwoodCity_20240615/

| SingleFamily/
L Pacific_Rosewood_ 12320240510/
| Code/
R/
|

Python/

| Data/
tMLSDriginal xlsx
MLS/
| VER202402510153248/
MLS.x1sx
MLS_Stagel.xlsx
MLS_Stage2.x1lsx
MLS_Stage3.xlsx
MLS_Stage4.x1lsx
Documents/
LinearModels.pdf
Cum Dist.pdf
Model . txt
PartContrib.pdf
Pairs.pdf
Residuall.png
Residual2.png
ResidualSF.png
Rpart.pdf
VariablesImp.pdf
VariableVsSP.pdf

Stage 1 processing will create the version

folder with its sub-folders. It will copy the
MLS_Original . xls, even though this spread-
sheet should never change, but reflect ex-
actly what was downloaded from the MLS
as of a certain date and time; yet there is
the possibility on a lengthier project that a
new MLS download will be needed. Next, it
will make a copy of the expanded MLS.xlsx
workbook with its configuration parameters,
into the version folder. There can be many
version folders each created for a complete
run of MARS. Then the following stages will
generate column additions,sorting and other
changes to the workbook and write an up-
dated version as MLS_Stage(N) to the project
data folder when the appraisal is completed.
To reiterate, the root MLS.xlsx folder is un-
dergoing constant change, and so the version
copy is an ongoing mutation of the original
MLS workbook, with variable deletions and
additions, plus other changes. Understand
the processing R or Python code most likely
will run with input from the Data MLS.xlsx
workbook. Thus we always have a copy of all
the data behind each version of the RCA run.
We make as many versions as needed until we
decide that we are not able to make any more
improvements - and then go back and pick the
best version. Fach version folder contains a
number of text, diagram and graph files that
can be embedded into a report. The final
MLS_Stage4.xlsx workbook contains as many
sheets as necessary for the report. In particu-
lar it may have a spreadsheet for transfer to a
Fannie Mae Sales Grid. It will also necessar-
ily contain the computations or breakdown
behind aggregations. This is potentially the
most time-consuming part of the RCA ap-
proach - the struggle to find the perfect model
in a difficult market area.

E. The Core Excel Workbook

Since most MLS services download prop-
erty data to Excel CVS worksheets, Excel is

14



probably the most convenient way to store
data and various configuration parameters.
There is one core Excel Workbook for each
project called MLS.xlsx, which has one sheet
called "MLSData”, to store the closed prop-
erty sales listings that were downloaded from
the MLS, as well as several configuration and
parameter sheets:

Workbook: MLS.x1lsx/

Sheet: Project Data

Sheet: MLSData

Sheet: Regression Variables
Sheet: Calculations

Sheet: Allowed Interactions
Sheet: Aggregations

Sheet: (MARS run parameters)

The original data is stored in a workbook
named something like MLS_Original. xIsx. A
copy should be made with a different name,
let’s say "MLS.xlsx,” which will load into
the R or Python RCA program. Both
of these workbooks are stored under the
Data folder. Now, the Data/MLS.xlsx work-
book will probably go through many it-
erations of runs, trying different combina-
tions of variables, MARS parameters and
changes to other settings. Each iteration
creates a new input/output folder named
with the date and time, with the format of
VER_.YYYYMMDDHHMMSS. Each folder
will have a copy of the input MLS.xIxs work-
book and contain the generated Excel Work-
books for each of the four stages of process-
ing, as well as the output text documents,
diagrams and graphs. Note that Stage 4, the
final stage, may contain a number of other
sheets for the report, depending on the type
of client and SOW.

F. Backups

When writing new or modified Excel
spreadsheets to the project version folders,

backups can also be made to SQLite or Post-
greSQL databases in the project folder. The
database files are less likely to become unin-
tentionally corrupted over in subsequent pe-
riods, through review or reference use.

V. Workbook Notation

A. Descriptive Dimensions

There are roughly six descriptive dimen-
sions for a workbook "M”:

Appraisals 7a”

Run Versions ”r”
Workflow Stages ”w”
Sheets ”s”

Property Listing ”p”
Variable Set ”v”

AR ol

So, an individual cell in a particular
workbook M can be described as:
A

Ty P

W Vi
*

(1)

(Note: 7*” means some valid index)

or:
1=1,...,n,
ag J=1...,n,
Ik pP; k=1,...,n,
Wm ‘jh/vj m =1, s Mo (2)
g=1,...,n4
h = 1, oo, Ny
where:
ny = # of rows (depends on sheet)
o = # of columns (depends on sheet)
Ny = # of run versions
N = # of workflow stages
Ng = # of analysis projects
np = # of workbook sheets

Understand that ”W” references the en-
tire Excel Workbook of five core data sheets
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that each have their own table, which on run-
ning the associated R or Python program
are loaded into separate internal data frames.
Both R and Python have internal functions
that can take a name and find which row or
column of the data frame belongs to. For ex-
ample, if in the subscript v;, v = ("GLA”,
”LotSize”, "BathRms”, "BedRms”, ...) and
j=0, then v; = "GLA”. Either R or Python
will internally be able to resolve "GLA” to
the column it is stored in, which for exam-
ple, might be column 15 of the associated
data frame. So, in this paper we index into
our name arrays, which pass a name to the
running program which re-indexes that name
into the actual column or row index for the
internal data frame. It is a bit complicated.
But to be precise, this is necessary and most
convenient. It is a "separation of responsi-
bilities” between the analyst role and the de-
veloper role; although in reality the Valua-
tion Engineer (VE) could be performing both
roles. Note that an R ”data frame” is called
"dataframe” in Python.

Also note that the MARS run time pa-
rameters sheet is not a dimension of W, as
W relates to the version of data being in-
put into MARS, separate from the parame-
ters that determine how MARS/earth han-
dles that data.

For the sake of clarity, a complex mul-
tidimensional notation for the Workbook is
presented which relates more directly to the
internal R or Python data frames that the
data workbook sheets are loaded into. It
is "heavy” notation. But when we get into
proofs and so on, we throw a lot of the
baggage away by making assumptions about
what we are working with. Nonetheless, this
notation helps get a better overview of the
workflow and data from the outset.

Let’s start with notation for the set of
workbooks we will be processing.

1) The Project Dimension (”a”)

Once a Scope of Work (SOW) has been
approved, a project folder needs to be setup
to store input and output data, including
configuration parameters, output graphs, di-
agrams, spreadsheets and report snippets.
The VE should identify all projects with a
simple sequential ID, such as an integer, so
that if a report should go missing, it would be
obvious. If projects are canceled, then there
should be a consistent means to indicate the
project has been cancelled within the given
project folder, but it should never be deleted.
We assume project IDs start at 0 and incre-
mented by 1, although there are other possi-
bilities. We further assume all valid project
IDs are stored in an ordered set "a” created
with the processing program.

The appraisal project data is in the
project worksheet of the workbook, but could
also be stored in some central SQL database,

Here are the following suggested project
fields:

1. Local ID: A short integer ID that is
sequentially generated for the company.
This would make a great primary key for
storage - and could be automatically gen-
erated by the database with each succes-
sive project.

2. Global GUID: If you want, you can create
a GUID (Globally Universal ID) using

https://www.uuidgenerator.net/

3. Property Location (Market Analysis) or

Address

Effective Date of Appraisal

Date of Order

Date of Inspection

Date of Original Report

Date of First Updated Report
9. Date of Second Updated Report

10. Date of Third Updated Report

11. Client Name

12. Client Address

® N oo
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13. Lender Name
14. Lender Address
15. Owner Name
16. Owner Address
17.

Example of list of project IDs:
a = (77 1?7 ,

2 277 ,

7 14177 ,

79 142’7)

2) Run Version Dimension (”r”)

Second in the workflow, we execute
MARS regression on the input. This will
likely involve several to many executions as
we alter various parameters to improve the
model. Each execution will create a new ver-
sion folder for the output, with a name based
on the date and time of execution. For exam-

ple,

r= ("ver20241210.083124”,
"ver20241209_1511307,
"ver20241208.160944")

latest_version : v; = "ver20241210_.083124”

Promising versions with competitive
models and output, should be kept until a fi-
nal version is decided upon, or perhaps longer
if they have some utility. You may want to
modify the version folder to indicate it is the
final version, by placing ”"Final” at the end of
the name.

3) Workflow Stages ("w”)

The RCA Workflow is separated into
usually five separate stages, as listed below.
Each stage must successfully complete before
starting the next stage. The VE should be

able to stop the processing at the end of a
stage to review the results before proceed-
ing. This is needed because market areas are
fairly complex and often quite unique. Un-
usual problems can be encountered that take
a new approach. The VE must be able to
jump into R or Python code to make neces-
sary changes and even try new approaches.
And, in such cases, he may want to experi-
ment and try different approaches requiring
multiple runs of the same stage he is working
on. Although, the VE should also be free to
run all stages with one command, - with some
caveats (e.g. 3rd Degree Aggregation must
have already been determined through a pre-
vious run Stage 1). This means that when
each stage completes, it should store all of its
internal data in files or databases, so that the
next stage can be started as if the previous
stage were still in memory, by reloading the
data from the previous stage into memory.
Here are the stages:

w = ("setup”, -Setup
"stagel”, -MARS processing
"stage2”, -Final Sales Grid
"stage3”, -Report snippets
"staged”) -Review/Cleanup

stage2 : wy = "stage2”

4) Excel Workbook Sheets (”s”)

In the RCA Core Excel Workbook, we
have the following sheets that are each
mapped into a internal data frame:

s= ("MLSData”,
"Regression Variables”,
”Calculations”,
"Interactions”,
7 Aggregations 1st & 3rd Degree”),
” Aggregations 2nd Degree” )

The reason that 2nd degree aggregations
are put on a separate sheet is that they can
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be most easily defined with a symmetric table
that shows all possible pairs of interactions,
allowing the specification of an aggregation
variable for each pair’s associated value con-
tributions and adjustments to be aggregated
(added) to. We couldn’t do this with 3rd de-
gree aggregations because that would require
a 3 dimensional symmetric table which is not
possible in Excel. Further more 20x20x20
cells would 8,000 cells to deal with. It is eas-
ier to just list any third degree term names
in the table with the 1st degree aggregations,
for example:

Variable Aggregate To
AboveGradeFinArea GLA
BelowGradeFinArea BGLA
UnfinArea UBA

LotSize LotSize

GLA __LotSize GLA

GLA __DateOfSale GLA
BathRms__DateOfSale GLA

Lat__Long Location
Lat__Long__GLA Location

5) Property Listings (”p”) - MLS-
Data rows

Property listings form the rows of the
MLSData sheet. They are not found in the
other sheets, until Stage 4, where the final
report snippets are created with the final se-
lection of comparable properties. Here is a
sample list of property IDs:

("MLS8232117,
" MLS823456”,
" MLS823542”,
"MLS823721”,
" MLS823641”,

7 7 )

p:

6) MLS Variables
Columns

(”v”) MLSData

More will be said about handling vari-
ables later. Suffice it to state at this point
that MLSData sheet typically has 30-40 vari-
ables of various types, but usually only 10-20
will be selected as independent variables for
the MARS regression. These variable also ap-
pear in other sheets, although typically as a
list of all possible variables that can be used
for submission to MARS. An example of a list
of variables is:

v = ("GLA”,
”SalePrice”,
"BedRms”,
"BathRms”,

" GarageSF”,
2 . ‘77 )

7) Final Notation Example

Lets pull the above notation into a final
example. Using the above lists, let

a141
rq sz

w1 S0 Vo

(3)

Note that we are using 0 indexing here,
so that the first elements of lists is assumed
to have an index of 0. Python also uses 0
indexing, by R uses 1 indexing.

So, the above means that we are talking
about the cell value for:

e Variable vy or column ”GLA”

e For property p, or ID "MLS823542”
e Of sheet sy or "MLSData”

e For workflow stage wy or ”setup”

e Of version ersion r; or
"ver20241209_151130”

e Of project a9 or 7140”
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The above notation can also then be writ-
ten as:

»140”
”ver20241209-151130” |1/ ”MLS823542”
” Setup” ”MLSData” ” GLA77 4)

8) Justification

"Why don’t we just use indexing or num-
bers in the notation?” We have two require-
ments for our notation:

1. Subsets, e.g., the analyst frequently se-
lecting subsets of a list, such as subsets
of variables, are used. For instance, there
may be 35-40 variables in the MLSData
sheet but only 10-20 of them. And, from
one run to the next, The VE will very
likely change the variables submitted to
MARS/earth.

2. Iteration, e.g., i =1,3...,ng
Our algorithms, protocols, and proofs
usually need to be able to iterate through
all items in an ordered list, from the first
to the last - or pick out some particular
item.

So, we need a letter to represent the sub-
set or list of items, and that must have an-
other subscript that we can use to iterate over
the items of the list to give is the strings that
are used to index into the data frame rows or
columns.

9) Matrices?

And what about the matrices of Lin-
ear Algebra? Matrices work only with num-
bers, either integer or real. Matrices as
a data structure are supported in both R
and Python. However, many of the vari-
ables we work with in MLS data are called
"strings” or character data. Even if some
variables are only numbers, they are often
not real numbers but just names. For ex-
ample, MLS Area Codes for a city may be

(76607 ,7661”,7662”,7663”, ....,”672). Earth
regression allows variables to be specified as
"factor” variables, in which case the num-
bers are treated simply as names, without
any sequence. In such cases, the model pro-
duced will merely provide a value contribu-
tion for each number, rather than a function
that runs over the sequence. Other exam-
ples include ”C1”,...,”C6” for Condition and
7Q17,....,7 Q67 for quality.

10) First Simplification

The above notation for the core Excel
project workbook is nice to tie things to-
gether, but to heavy to carry around for ex-
plaining algorithms or mathematical proofs.
When we are doing the tedious work, we can
assume it is within the given project, version,
stage and sheet. We just say what we are
working with, if it is not already implicit. All
we really need from the above, once we indi-
cate what we are working with is:

4 1=1,3...,n,
M?3 j=13..n, (5)
Sh h=13...,n
where:
ny = # of rows (depends on sheet)
T, = # of columns (depends on sheet)
N = # of sheets
11) Second Simplification

It is more convenient to rename the
sheets to specific kinds of data frames they
support rather than use indexes. For each
sheet, the rows and columns have different
functionalities. So, the W set of data frames
is broken up into M, V, A, I, and C data
frames as follows:

¢  MLS Data
ni . i=0,1,...,n
Mvj - V(I)/gj ij,l,...,nZ; (6)
where: n, = # properties
n, = # input variables
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Subject Is By Default Always First
in Property Lists

In the "MLSData” Excel spreadsheet
and associated data frame, the first row
is always reserved for the subject prop-
erty. It is never sorted with the other
MLS properties below it. It is never en-
tered into the MARS regression as inde-
pendent data, it is entered rather as tar-
get data, or as the dependent variable.
The sames holds for property lists. In
all property lists, the first element with
index 0, is always assumed to be the sub-
ject property ID, unless stated otherwise.

Even if the task is to create a model
for a market area without any subject
property, the first row is nonetheless
loaded with some dummy property data.
This makes it far more convenient to
write programs, specify algorithms, or do
proofs. So, if we are using ¢ to repre-
sent the list of properties, c0 is the sub-
ject property and ci, i = 1,...,n1 are the
comparable listings that will be input to
MARS/earth regression.

Regression Variable Specifications

veo o= Wo

/L.
Sj 1 Sj ]

where: n, =4 available variables
ns== of specifications

Note, ns > n,, as we usually select a
subset of available variables for input to
regression.

Calculations
v; _ Vs Z - ]_, 3 P nv
OCj - I/g/ C]' ] e ]_’ . nc (8)
where: n, = # of variables
n. = # of calc specs
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¢ Interactions

where: ny = # from variables
n; = # to variables

Note that Data Frame I is a symmet-
ric data frame, with variables alphabeti-
cally listed for the ”from” rows and ”to”
columns. The cells are marked with a
71”7 to indicate an interaction between
the associated pair of variables is al-
lowed. Otherwise, ”0” indicates that no
interaction is permitted. For a second-
degree interaction, this is relatively sim-
ple, with only one interaction possible.
With a third-degree regression, we have
three pair interactions between all three
variables, where every pair of interac-
tions must be allowed to generate the
three variable interaction term (or vari-

able).

o Aggregations

Vi _ V5 22173...,711}
Ay = W STrss oy (10)
where: n, = # of variables



12) Variable Ontology

The above notation will be refined even

further, especially with respect to the v or-
dered subset of property variables. The han-
dling of variables is the most complex subject
in RCA. We can have different types of vari-
ables that fall into two basic ontologies: (1)
Variable Origin and (2) Variable Application,
i.e. Non-residual vs Residual

I. Variable Origin Ontology

1.

First Degree Variables

1.1 MLS Regression Variables
1.2 External Regression Variables
1.3 Synthetic Regression Variables

Factor Variables:

To handle factor variables, a function is
needed that can identify them. Since
they are specified in the Excel project
configuration workbook, a function is
created that returns true if a variable
passed to it has been classified as a factor
type.

Interaction Variables: These are created
by MARS in generating the model, if the
degree is set to 2 or higher. However,
3 interacting variables is the most that
could be recommended due to the dif-
ficulty of interpretation, the probability
of overfitting and the impact on Degrees
of Freedom and the resultant increase
in property records to ensure a robust
model.

3.1 Second Degree Variables: These are
common and a good example would

be GLA:BathRms, GLA:LotSize,
DateOfSale:BathRms, Latitude
_Longitude.

3.2 Third Degree Variables: Less com-
mon interactions that suggest cau-

tion and possible over-fitting.

4. Residual Breakdown Variables

I1. Variable Application Ontology

1.

MARS Generated Value Contributions

1.1 First Degree Variables

1.1.1. MLS Regression Variables

1.1.2. External Regression Variables

1.1.3.  Synthetic Regression Variables
1.2 Interaction Variables

1.2.1.  Second Degree Variables

1.2.2.  Third Degree Variables

1.3 Residual Breakdown Variables
1.4 Aggregation Variables

Engineer Generated Variables & Values

2.1 Residual Breakdown Variables

2.1.1.  Condition

2.1.2.  Quality

2.1.3. Design/Aesthetics?
2.1.4. Landscape?

2.1.5. Functional Utility?
2.1.6. View?

2.1.7.

These variable groups will be given their

notation and described in more detail in the
next section
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Protocol 4: Factor Variables

Factor variables, or simply factors, can occur in all terms, including interactions. They
are important because they must be specially dealt with for MARS regression and
graphing.

While variables with character values are necessarily factors, numerical variables must
be flagged as factor variables for MARS to recognize them as such. For example, MLS
areas are often identified by number. In particular, the neighborhood areas in the
San Francisco Bay Area are often identified with unique integers. If these values are
passed to MARS as factors, then MARS will attempt to discover if certain areas have
an average contributing value to property sales within their boundaries without regard
to any relationship with other areas. In contrast, with normal variables, it will assume
there is some kind of continuity in value contributions as the variable value changes.
This is an important distinction. Furthermore, these factor variables can appear in
model terms with non-factor variables, which makes graphing difficult. Specifically,
when graphing single variable terms with factors, we lump all such factors together
and simply draw a bar graph showing their contributions, positive or negative.

If the factors appear with other variables in terms, they will always appear with one
possible value, because factor variables can have only one value for a given property:
If an area has the value 662, by definition it can’t have any other value for that area. If
you find this confusing, to make matters worse, in the MARS-generated model, there
is not a single variable name for the factor; MARS will take the root name of the factor
variable it was given as input, then create new columns with variable names formed by
appending the possible values. So, a single column in the Excel spreadsheet, such as
MlsArea, will have multiple data frame columns created for each possible value, such
as MlsArea660, MlsArea661, etc. A variable such as MlsArea661 will have a value of
1 for properties in area 661; otherwise, 0. Then, MARS will regress on those columns
as if they represented Boolean variables. These modified names will be used in the
model provided by MARS.

You will likely want to convert those model names back to their original name to make
the graphs more understandable to clients who like it nice and simple (at least as
simple as possible). Instead of seeing MlsArea661=1, we will see MlsArea=661. We
then can graph terms by simply stating in the graph header something like ”For MLS
Area = 662”. Thus, N degree terms with M factor variables are graphed as (N-M)
degree terms, and the factor dimension disappears into the title.

Note that two or more factor variables could exist in a single term, so you would
likely need a graph for each possible pair of values. If variable x with three distinct
values and variable y with two distinct values appear in the same term with non-factor
variable z, then you would need 2 - 3 = 6 graphs. An example would be "MIsArea” +
” Architectural Style”, e.g. Victorian homes in San Francisco might be worth more or
less depending on the area of San Francisco they are in. Fortunately, in most areas,
there are usually only 1-3 architectural styles important enough as value contributors
to be used in the model (although there may be 6+ different architectural styles).
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VI. The RCA Sales Grid

The RCA Sales Grid is an Excel spread-
sheet labeled in this paper as "MLSData.”
It does not look like the Fannie Mae Sales
Grid but is, roughly, a transpose of the Fan-
nie Mae Sales Grid, with rows and columns
switched: Each row contains data for some
property, and each column contains data for
some property variable. There can easily be
hundreds or thousands of property rows. The
first row is reserved for variable names, and
the second for a subject property, even if we
are only doing a market analysis. When the
spreadsheet is read into a data frame, then
the first row of the sheet becomes the names
attribute, and the second row for the subject
property becomes the first row of the data
frame.

The columns in the RCA Sales Grid in-
clude identification columns, then primary,
external, and synthetic variables combined
and fed as the independent variables into
MARS. MARS outputs from these variables
those that it thinks have a significant impact
on the Sale Price, also known as the depen-
dent or target variable. In second-degree re-
gression, we may get pairs of these variables
that act as new variables. With third-degree
regression, we may also get variable triplets
that act as so-called independent variables,
although they are, of course, highly corre-
lated with the underlying variables.

1) Second- and Third-Degree Terms

With second-degree or third-degree re-
gression, some of terms in the output model,
may include two or respectively three vari-
ables. For example:

e BathRms_ GLA =
—52 %« max(0,1200 — GLA)
x max (0, BathRms — 1)

Notice that we name these by alphabet-
ically sorting the variable names and con-
catenating them with "Vs” (for vs. or
versus). We do the same with third de-
gree terms on the variable name triples
produced in the model. For example,
"BathRms__GLA __LotSz.”

These variables get added to the primary
input variables in Stage 2, when the RCA
program calculates the contributions of all
variables for each property, including the in-
teraction variables.

2) Adjustment Variables

The RCA program will also calculate the
adjustments for all variables and properties in
Stage 2, after value contributions are calcu-
lated, by subtracting the corresponding com-
parable property value contribution for a fea-
ture from the subject contribution for that
feature.

3) Aggregation Variables

Aggregation variables are defined to re-
place subsets of the variables, adding all their
value contributions and adjustments into a
common variable to be used in the report.
For example, we may have split both finished
and unfinished living area into finer detail
variables:

Above Grade Legal Finished Area
Below Grade Legal Finished Area
Above Grade Illegal Finished Area
Below Graded Illegal Finished Area
Above Grade Unfinished Area
Below Grade Unfinished Area

SRR oS

Yes there are areas where this does make
sense.

The MARS regression will regress on all
of the variables and generate a model that
will provide contributions and adjustments
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for them. But for a form report, these dif-
ferent contributions will probably have to be
combined or aggregated into fewer variables.
The details of the aggregation should be sup-
plied in an addenda. A more frequent ex-
ample, would be aggregating interaction ad-
justments into one of the primary variable
adjustments. For example, we might aggre-
gate the adjustment for GLA _Lotsize to GLA
or to LotSize, or even split them 50:50 be-
tween both, as determined by the Aggrega-
tion sheet.

4) Special Variable & Notation
Let:

n, = # of comparable properties
n, = # of regression variables

n. = # of residual breakdown variables

Actual net sale price for

Ti property ¢ = 1,2...,n,

Adjusted net sale price for
property i =1,2...,n,

MARS estimated net sale
pi price for property
i=0,1...,n,

B Base value of the model

Value contribution of
regression variable

Pij | j=1,2...,n, for property
i1=1,2...,n,
Adjustment for regression

5i j variable j =1,2...,n, for
property i =1,2...,n,

. Total residual for property

1=0,1...,n,

Residual component value
contribution c,

Cire c=0,1,...,n. for property
1=0,1,...,n,

Adjustment for residual
component c,
c=0,1,...,n. for property
1=0,1,...,n,

5) Breaking Down Residuals

Once the MARS regression has created a
model, it generates the estimated sale prices
from the MARS-selected input variables. It
subtracts that value from the corresponding
Net Sale Price to get a residual value for each
property. Now, the RCA protocol stipulates
that once the VE has decided on the final
property comparables, usually 6-12 property
listings, he needs to go through each property
listing and break down the calculated residual
into the most likely features he thinks impact
value, ignoring the possibility of random data
errors. He might, for example, have these
breakdown variables for a given property:

Condition

Quality

Design

Functional Utility
Over/Under Market Sale

Gl W=

Different properties will likely have some
different residual breakdown variables, which
need to be collected in one ordered set.

Notation: We use the notation in the
above table to arrive at:

(11)

where n, is the number of residual breakdown
components.

The VE must use his judgment to break
down the residual into the given components.

€ =€1+€2+. ...+ €n,

24



One might think this would allow bias to en-
ter the final value conclusion. However, that
is not the case because we have mathemati-
cal proof that if the breakdown adjustments
total the residual, they will not impact the
value conclusion. The purpose of the break-
down is not to establish value, but to explain
why the residual is what it is in comparison to
other property sale residuals. The only spot
where the engineer’s bias can impact the final
value conclusion is the estimate of the resid-
ual for the subject since, of course, there is
no actual sale price for the subject needed to
calculate a residual for it.

Each property has its set of residual value
contributions, but these need to be merged
into one set C over all properties:

Letting: Az - {{Ei,c Z;O}
C ={z]zeclUZ A}

where [€; .| is the variable name for the value
€. and A; is the set of such variables and n.
is the number of values in each ;.

So, with the subject and comparable
property data in separate columns, then un-
der all the regression model variable value
contributions for each property, we should see
the set C of nc corresponding residual value
contributions.
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A. MARS Model

1) Model Term Functions

The MARS generated price model can be
viewed as a sum of multiplicative terms of 0
to 3 variables, assuming that the max degree
of regression is 3. So, suppose we have a 3rd
degree regression model that is the sum of a
base constant, nl first degree terms, n2 sec-
ond degree terms and n3 third degree terms.

We can express it as:

Let:
n, = # of comparable properties

n, = # of regression variables

n. = # of residual bpeakdown variables
p — fo,ogg + Z fl”g;(l’*)
q=1

n2
_I,_ Z f2,rgT2(x*7 y*)
r=1

n3
_'_ Z fg’sgi(x*7 y*; Z*)

s=1

(12)

B. Core RCA Proofs

Proof I: Each and every comparable
adjusted sale price equals the estimated
subject sale price.

For any comparable i, the adjusted sale
price «; is the sum of the net sale price m;, the
base value 3, the value contributions ; j, 7 =
1,2,...,n, plus the comparable residual ¢; or:

;=1 + (8= B)+ (o1~ i1)
+ (QO(),Q — 901'72) +...+
(Yo, — Pin,)
+ (0 — €)
=7+ (B+ o1+ po2+ ...
+ Yo, + €0)
—B+piotpint...+
Pin, + €i)
=T +m— T

(13)

:7]'0

Proof II: Altering the residual
breakdown under the constraint that all
residual component value contributions
sum to the comparable residual, has no

impact on the final value conclusion of
the RCA protocol.

This is almost trivial. Yet without think-
ing about the math, it is easy to overlook this
because traditional appraisers focus on the ad-
Justments rather than the value contributions.
It is the value contributions that cancel out
here. - A decades long oversight. For some
comparable k, k£ > 0, the total residual ad-
justment is equal to sum of the n. breakdown
residual components which in turn is equal to
sum of the differences of value contributions,
which is equal subject total residual minus
the comparable total residual. And this is
independent of the number of residual com-
ponents created or what they represent. As
long as the value of the residual components
equals the total residual for both the subject
and chosen comparable &, will not change

=& +&+ ...+
= (€01 — €r1) + (€02 —€r2) +...+
(€0,n. — €nc)
= (e0p + €2+ ...+ €n)—
(€p1+ kot ...+ €kn)
=€) — €

= &k

(14)

VII. Data Characteristics

The following section discusses MARS.
MARS is entirely dependent on the data it
receives, and most of this data will come from
some MLS (Multiple Listing Service) or tax
assessors. However, it may be routed through
other data providers who maintain and im-
prove data and then sell at some profit. In
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some areas, it is fairly reliable; in others, it
is not so reliable. In critical instances, the
property inspector has to make his observa-
tions and measurements, and their accuracy
can be questioned.

The valuation engineer needs to under-
stand what the data represents and how good
of a job it does representing what it is sup-
posed to represent. This invites a whole list
of issues:

e How do you classify a variable as being
a measurement?

e If a variable is not a measurement, what
else can it be?

e How can regression be useful if the data
it receives is not accurate?

Most of the data we get from MLS listing
services and tax assessor data for regression
is numerical data that implies measurements
or counts. Some of it is logical, True or False.

VIII. MARS & R/earth

A deeper dive into MARS and the
R/earth package will be left for planned arti-
cles to follow.

If you are not already familiar with
MARS then refer to Stephen Milborrow’s
earth package documentation Milborrow [a],
as well as Jerome H. Friedman’s foundation
paper on Multivariate Adaptive Regression
Splines Friedman, Jerome H.are good start-
ing points for those who would like to learn
more about Multivariate Adaptive Regres-
sion Splines and the popular open source pro-
gram ”earth” maintained by Stephen Milbor-
row. For more advanced resources, Recom-
mended Hastie et al., Kuhn and Johnson,
James et al.,Zhang, Milborrow [a], Milborrow

[b].

A. R2vs CVR2

For this paper, which focuses on residu-
als, it is essential to discuss the importance of
the R2 percentage in comparison to the lower
CVR2 percentage: Is it correct to use the R2
value as the likely accuracy of the associated
regression model when:

1. The CVR2 is usually 10% less.

2. T2. The subject property, which may not
be listed but is being appraised for a refi-
nance loan, has not been updated or mod-
ernized for decades like the sales listings
used for regression.

1) CVR2

It is based on multiple runs of MARS re-
gression on different randomly selected test
representing 90% of the properties, with the
remaining 10% used for testing. Data min-
ers have foudn that this is the best way to
achieve a robust model that works good at
predicting as yet unseen properties.

However, the CVR2’s primary value is
not in reflecting the factual accuracy of the
regression model for market area sales but in
optimizing its ability to predict sale prices for
hypothetical property sales as of a given ef-
fective date.

What, then, is the expected sale price
for a property that hasn’t been updated in
the past 15 years, assuming it was listed last
month? A model with cross-validation will
likely provide the best estimate, but it as-
sumes the property has been modernized like
typical properties in the dataset. This as-
sumption may not hold for every property.

2) R2

The R2 statistic is generally the best
measure of how much price variance is ac-
counted for by a regression model, assuming
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the model is applied to properties that have
undergone typical updating and moderniza-
tion. The remaining variance can likely be
attributed to factors not considered by the
regression.

If appraising an older home without the
updates common in recent sales, it might
make sense to estimate the cost to bring it
up to the norm and deduct that from the
regression estimate. However, such adjust-
ments are typically not allowed under GSE
or lender guidelines.

IX. Residuals

As indicated by the name ”Residual Con-
straint Approach,” residuals are central to
this methodology. Here, residual refers to the
difference between a property’s actual sale
price and the sale price predicted by regres-
sion analysis.

A positive residual suggests that the
property sold for more than its estimated
price, based on typical measurable attributes
like gross living area (GLA) and lot size,
implying it might have more appeal than
average. A negative residual indicates the
property sold for less, potentially suggesting
less appeal or other uncaptured negative at-
tributes.

Given that larger homes likely have
larger residuals, we might use residual per
square foot based on GLA for a more normal-
ized comparison. A more in-depth discussion
of this issue is reserved for another paper.

A. Purpose of the Residual

The residual serves as an indirect gauge
of the value added by variables not included
in the regression model. By ordering proper-
ties based on their residual or residual per
square foot, we achieve an objective rank-
ing from properties with the least appeal to

those with the most. This ranking method
is effective, provided a skilled analyst with a
deep understanding of the local market crafts
the MARS (Multivariate Adaptive Regres-
sion Splines) model. The following are some
additional requirements:

e Quality of Data and Model: A well-
constructed regression model and high-
quality data are prerequisites for reliable
residuals. In the San Francisco Bay Area,
my goal is to develop a model with an
R2of approximately 75-80% and a cross-
validation R2 (CV R2) of 55-70%.

e Avoid Over-fitting, Limit the R2: The
valuation engineer should aim for a max-
imum R2 of about 80% in a most ma-
ture markets in higher priced areas like
the SF' Bay Area because much of a res-
idential property’s competitive value lies
in its subjective appeal, which isn’t quan-
tifiable and thus can’t be directly included
in regression models. An R2 significantly
above 80% might indicate an over-fitted
model, prompting further scrutiny. Yet a
word of caution; There are market areas
with R2 values above 90% without over-
fitting and there are difficult to appraise
areas, where the best you might do is 50-
60% or lower.

e High R2 in Specific Areas: However, there
are regions, like subdivisions or other uni-
form residential areas, where higher R2
values are surprisingly common due to the
homogeneity of the properties.

B. Data Errors

Based on social media comments, the
California Multiple Listing Service (MLS)
data is generally of higher quality than many
other United States regions. Typically, MLS
data should be expected to be of good qual-
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ity in most mature metropolitan areas but
poorer in rural areas.

While there are occasional errors in the
data for various reasons, these errors should
generally cancel each other out and have min-
imal impact on the averages used in price
models if sufficient data exists.

However, systematic biases can occur
in specific areas. For instance, consider a
neighborhood where many homes were ini-
tially constructed with full second stories, but
some buyers were given the option to remove
second-floor rooms to create vaulted ceilings
on one or more first-floor rooms, significantly
reducing the gross living area (GLA). The
changes were not subsequently updated in the
assessor’s records for one reason or another.
Consequently, MLS might show 2,400 square
feet when the measured value is only 2,000
square feet. In such scenarios, the MLS data
should be corrected before performing MARS
(Multivariate Adaptive Regression Splines)
regression. It is important to note that ob-
taining this information for comparables may
require some investigative effort. Discrepan-
cies should be noted for future reference.

Given the foregoing, it is reasonable to
assume that in high-quality MLS areas, the
errors that spill over into the residual are min-
imal compared to the impact of subjective
and unmeasured features such as condition,
quality, and design. This is a crucial consid-
eration when estimating the accuracy of the
RCA method. If the R2 value is 80%, then
20% of the residual is attributed to the CQA
residual. A + 10% error in scoring the sub-
ject for the residual should result in a £=10%
- 20% = £+2% error. This is how you improve
accuracy! In many cases, accurate value esti-
mates well below + 1% are possible.

Therefore, treating residuals as indirect
indicators of the collective value of unmod-
eled variables in MARS regression is reason-
able, provided that the valuation engineer has
sufficient local market experience to identify

where and why systemic measurement biases
exist. This approach ensures that the analy-
sis accurately reflects actual property values,
acknowledging the limitations and nuances of
real estate data.

C. What Is Accuracy? Perfect
accuracy for a valuation re-
quires:

1. Conformity to Market Value: The hypo-
thetical sales transaction of the subject
property adheres 100% to the given defi-
nition of Market Value

2. Accurate and Robust Model Develop-
ment: A high-quality MARS model is de-
veloped with an R2 of about 75-80% and
a CVR2 of roughly 55-65% depending on

location.

3. Good Data Error Analysis: All likely data
errors for measured variables are under-
stood and contained, with little spill over
into residuals.

4. Systemic Bias Accounting: Any systemic
bias in the data should be accounted and
adjusted for.

5. Residual Rank Analysis: FEnsure that
residual rank properties follow a reason-
able pattern of features from lowest to
highest rank. Anomalies such as probate
sales, shorts, and auction sales should be
investigated, explained, and potentially
removed.

6. Subject Placement: With a thorough un-
derstanding of residual ranking, the sub-
ject property should be accurately posi-
tioned. A property with a significantly
higher appeal and another with a signif-
icantly lower appeal should be identified,
and the subject placed between them and
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scored. Then attempt to narrow the rank-
ing between the higher and lower proper-
ties as much as possible.

Given the preceding list, the accuracy can be
roughly calculated to be:

CQA Error = +e% - b

Expected Price Error = € - (1 — R?) (15)
So, if the regression R2 is 80%, we expect
about 20% of the subject value to be due to
the residual. Now, this is only approximate.
We know from the CQA-Residual curve that
most of the distribution of residuals is at the
lower and higher extremes of CQA. At ex-
tremely low or high CQA values, we expect
lower accuracy and, in the middle, higher ac-
curacy. But let’s assume, for the sake of sim-
plicity, that the distribution of residual from
a CQA of 0% to 100% is linear. A +£10% dif-
ference in CQA value equates to a +10% dif-
ference in the residual. That percentage dif-
ference will be applied to the residuals, which
is expected to be 20% of the value. If your
subject CQA is 4.2 and you are very sure that
it can’t possibly be more than 5.2 or less than
3.2, that is £10% and +£10% - 20% = +£2%.
Thus, if your value conclusion is $1,000,000
then that would be +$20, 000. Of course, if
your CQA is between 20% and 80% we as-
sume a higher accuracy, if not less. In any
case, quality’s upper and lower ends are dif-
ficult to value. The RCA gives an objective
valuation with constraints.

The only objective way to verify accuracy
is to establish a strict protocol and verify its
adherence. This is necessary because actual
sale prices can deviate from market value due
to imperfections in the world. Comparing
appraisals and subsequent sales can provide
some indication of accuracy. However, the
complexities and instability of the real estate
market necessitate the expertise of apprais-
ers or highly qualified valuation engineers to

provide value estimates based on established
standards. These standards should be strin-
gent enough to ensure that competent valu-
ation engineers will independently arrive at
nearly the same value conclusion.

D. Ranking & Scoring

After creating the MARS (Multivariate
Adaptive Regression Splines) model for mea-
sured variables, residuals are computed for
each property. These residuals represent
the difference between the observed net sale
prices and the sale prices predicted by the
model. An additional column should be cre-
ated for the Residual /SF, that is, the residual
divided by the living area of the residence,
with the understanding that generally, the
residual for specific properties is more signif-
icant with the size of the living area. Other
possible statistics may work better in some
neighborhoods, but they are a subject for an-
other time

Assumption T7:
Residual”

”Ranking by

In this paper, references to "ranking
by residual” should be taken to mean
ranking by residual, by residual/SF,
or ranking by some other function of
residuals, as the valuation engineer
deems most appropriate for the mar-
ket area. The author’s experience in
SF Bay Area indicates residual/SF is
generally the most reliable, especially
when dealing with a subject property
that has an unusually small or large
GLA (Gross Living Area).

Next, the properties are sorted by their
residuals from the most negative to the
most positive. A Condition-Quality-Appeal
(CQA) score is then generated for each prop-
erty, ranging from 0.0 to 10.0. This score is
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calculated as follows:

The CQA score corresponds to the per-
centile rank of a property’s residual among all
properties. Specifically, the score is computed
by determining what percentage of properties
have residuals lower than that of the given
property and dividing that percentage by 10.

For instance, if a property’s residual is
lower than that of 50

Due to rounding, one property can re-
ceive a score of 10.0, representing the prop-
erty with the highest residual. However, a
perfect score of 10.0 is theoretically impossi-
ble because, logically, 1000n the other hand,
the lowest possible score of 0.0 is possible
since at least one property has no other prop-
erties with lower residuals. Note that more
than one property might have a score of 0.0
due to rounding if many properties are being
compared.

Therefore, the CQA score provides an in-
tuitive measure of how well a property’s at-
tributes align with the model’s expectations,
with higher scores indicating better align-
ment with the model’s predictions.

It is essential to acknowledge that the
CQA score can only be considered an indi-
rect indicator of a comparable property’s ap-
peal when the sale conditions are commen-
surate with its market value. The Valu-
ation Engineer is responsible for ascertain-
ing whether the residual value incorporates
over- or under-market elements by providing
a comprehensive explanation and thorough
investigation of the sales transaction. While
significant over- and under-market sales are
not frequent, they can occur in circumstances
such as forced sales, probate, incompetence,
collusion, etc.

Table 1 presents a semi-realistic extract
of MLS data, along with residuals and CQA
scores, both in total and per square foot. The
total number of properties analyzed in this
study was approximately 600. It is notewor-
thy that several variables that were regressed
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are not displayed. In other words, the resid-
uals presented are after the impact of other
variables, such as the date of sale, has been
considered by MARS regression.

E. CQA-Residual Curve

A plot of the CQA vs. the Resid-
ual/SF for a neighborhood will invariably
result in the CQA-Residual Characteristic
Curve shown in Figure 2. Note that this plot
is for Burlingame, CA, around 2022. You
will get a similarly shaped curve if you plot
the CQA scores against the Residual; I prefer
to use the Residual /SF, which has its impact
when you convert the CQA for the subject to
a corresponding residual by multiplying the
associated Residual/SF by the GLA of the
subject. However, this also assumes the rank-
ing of the properties is based on residual/SF
rather than just residual. The valuation en-
gineer must decide whether the magnitude of
residuals is heavily influenced by the prop-
erty GLA. For example, high end kitchen ap-
pliances and bathroom fixtures may have a
significant impact on the residual. Still, in
an area where homes typically have the same
size kitchen and bathrooms, it may bear little
relationship to GLA. On the other hand, ex-
pensive exterior features and materials, which
improve the appeal and thus increase the
residual, may be directly impacted by the
size of the house. Consequently, it is recom-
mended to plot both the CQA-Residual and
CQA-Residual /SF foot curves and study the
differences, which can indicate patterns in a
market area. The valuation engineer can have
his program compute both residuals and take
some weighted average to calculate the resid-
ual to be assigned to the subject. It may or
may not make much of a difference.



1) The CQA Curve Characteristics

Now, if we look at the CQA curve pre-
sented, we see that it has three components:
on the left, as the CQA score approaches 0,
we have exponential decay, on the right, as
we approach 10, we have exponential growth,
and in the middle, we have a nearly linear
function with a steady increase in appeal as
we move to higher end homes. It should not
be surprising that this reflects reality in a
mature market. As homes get old, without
maintenance and updating, they do decay:
The wood rots, colors become faded, metal
gets rusty, and damage occurs. Interestingly,
as the damage accrues, more damage can oc-
cur and does occur at a faster rate. We have
a middle area that typically spans about 80-
90% of the appeal range of homes. It re-
flects household wealth in society. At the
upper end, we see the houses that the more
wealthy tend to buy and maintain. There are
typically only a small proportion of wealthy
households in a market area. Only they have
the income or wealth to buy the most ap-
pealing homes. As we move up in the scale of
income and wealth, the percentage of house-
holds with a given income level decreases ex-
ponentially, and thus, it is not surprising that
the perceived market value of these homes in-
creases exponentially as well. Although it
is to be noted that the exponential decay
and growth functions are somewhat different
from each other and different between differ-
ent market areas, this pattern keeps emerging
as we go from one market area to another.

The CQA-Residual curve is characteris-
tic to each market area, and should not be
overlooked when doing your analysis.

F. Subject Residual

Unlike the comparables, the subject
property does not possess an objectively de-
termined residual; it must be estimated by

the Valuation Expert (VE). This estimation
introduces a degree of subjectivity into the
Residual Constraint Approach (RCA) proto-
col, marking a critical juncture where per-
sonal judgment plays a pivotal role.

To estimate the Condition-Quality-
Appeal (CQA) score, the VE meticulously
analyzes the ranked properties, searching
for discernible patterns within the rankings.
This analysis often involves a detailed review
of MLS photos associated with each prop-
erty. An exhaustive review is impractical
for a large dataset, such as 600 properties.
Instead, the VE applies practical reasoning
to approximate the subject’s likely position
within the overall ranking. Properties requir-
ing extensive repairs, or "fixers,” are gen-
erally positioned near the bottom, whereas
those with superior updates and appeal tend
to rank near the top.

The VE then adopts a more focused
approach, ’jumping’ within the ranking to
identify comparables that closely match the
subject’s appeal. As the range narrows,
the VE pays closer attention to similari-
ties among the properties, particularly in as-
pects like quality, condition, design aesthet-
ics (including elements like paint, woodwork,
stonework, and windows), functional utility,
and other relevant characteristics

It is crucial to understand that the VE’s
judgments are fundamentally guided by the
market-established rankings. This ensures
that the subjective elements of the process
are anchored by market realities, striving for
a fair and accurate valuation of the subject

property.

G. RCA Value Conclusion

1) General Considerations

Determining a CQA score is pivotal for
establishing the estimated residual value of
a property, as these elements are intrinsi-
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cally linked. While it is possible to assess
a property without a CQA, this metric pro-
vides valuable context by illustrating where
the property stands compared to others in the
market area. For instance, a CQA score of 3.2
indicates that the property has greater appeal
than 32% of comparable properties in the
vicinity. If objections exist to the assigned
score, disputants must consult the rankings
and justify any proposed adjustments based
on photographic evidence or other substantial
data. If the ranking system is robust and the
Valuation Expert (VE) has accurately posi-
tioned the property within this framework, it
is unlikely that significant discrepancies will
arise.

In the reporting phase, typically, 6 to
12 recent and relevant sales comparables are
selected to support the valuation conclu-
sion. The differences between these com-
parables and the subject property are ana-
lyzed, with each variable being adjusted ac-
cordingly. These adjustments are then ap-
plied to the net sale prices of the compara-
bles to derive adjusted sale prices. As demon-
strated mathematically, these adjusted prices
should converge with the estimated sale price
of the subject property.

2) Review, Auditing, Complaints

Once the estimated residual for the sub-
ject property is determined, residual adjust-
ments can be calculated for all comparables.
These adjustments serve as constraints for
further manual breakdowns by the VE, tai-
lored to specific CQA variables deemed perti-
nent. It is important to emphasize that these

detailed breakdowns are explanatory and do
not influence the final valuation, as affirmed
in Proof II.

Concerning complaints submitted by
users not satisfied with the appraisal value
conclusion, a traditional appraiser typically
has to waste time explaining why this or
that property with a higher or lower price
does not have the user-expected impact on
value. With RCA, all possible comparable
sales (usually 100-600) are typically evalu-
ated to precisely the same value as the price
conclusion, so it takes little effort to show
the adjustments for some arbitrary property.
The entire RCA process is automated and ob-
jective, except for the scoring of the subject
residual. And so another advantage of the
RCA is that criticism for imperfections in the
subjective judgment of the VE is mainly re-
stricted to that one area - and it can be effec-
tively and efficiently managed. Also, assum-
ing an R2 of about 80%, the impact of a +
10% error in estimating the subject residual
amounts to a £+ 2% error in the final value
estimate.

In many cases, the subject fits so per-
fectly in the residual ranking of properties,
that the accuracy can be expected to be bet-
ter + 1%.

The sum of the estimated residual and
the subject’s MARS estimated sale price
yields the final value conclusion known as the
Residual Constraint Analysis (RCA). This
process ensures a comprehensive and trans-
parent approach to property valuation, fos-
tering confidence in the accuracy and fairness
of the assessment.
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Table 1: Sales Comparables Sorted By Residual

SalePrice | Estimated SP Residual | CQA | Residual/SF | CQA SF | GLA | SaleDate
$3,450,000 $2,318,865 | $1,131,135 10 $420.50 9.98 | 2,690 | 2021-04
$4,360,757 $3,399,922 $960,835 9.9 $290.28 9.82 | 3,310 | 2021-09
$4,000,000 $3,134,444 $865,556 9.8 $234.57 9.60 | 3,690 | 2020-11
$5,850,000 $5,150,966 $699,034 9.7 $109.91 8.35 | 6,360 | 2021-12
$3,600,000 $3,023,366 $576,634 9.5 $269.46 9.79 | 2,140 | 2022-06
$4,425,000 $3,987,873 $437,127 9.2 $127.44 8.68 | 3,430 | 2021-08
$2,530,000 $2,164,564 $365,436 8.9 $180.02 9.28 | 2,030 | 2019-12
$4,250,000 $3,884,719 $365,281 8.8 $87.18 7.91 | 4,190 | 2021-08
$3,350,000 $3,034,613 $315,387 8.5 $130.87 8.75 | 2,410 | 2021-09
$3,800,000 $3,522,028 $277,972 8.2 $77.43 7.72 1 3,590 | 2020-09
$4,200,000 $3,963,748 $236,252 7.8 $56.12 6.89 | 4,210 | 2021-01
$2,900,000 $2,702,887 $197,113 7.5 $89.19 7.92 | 2,210 | 2021-07
$4,250,000 $4,103,885 $146,115 6.9 $39.38 6.29 | 3,710 | 2022-08
$5,000,000 $4,864,958 $135,042 6.8 $28.25 5.85 | 4,780 | 2021-07
$4,320,000 $4,199,672 $120,328 6.5 $33.90 6.04 | 3,550 | 2022-07
$2,600,000 $2,479,904 $120,096 6.5 $60.96 7.00 | 1,970 | 2021-10
$3,400,000 $3,301,146 $98,854 6.2 $30.32 5.90 | 3,260 | 2021-06
$2,000,000 $1,901,987 $98,013 6.2 $73.14 7.54 | 1,340 | 2019-11
$3,000,000 $2,919,718 $80,282 5.9 $26.50 5.79 | 3,030 | 2020-05
$6,750,000 $6,699,089 $50,911 5.6 $7.75 5.20 | 6,570 | 2020-08
$5,652,000 $5,601,570 $50,430 5.5 $12.83 5.37 1 3,930 | 2022-05
$2,600,000 $2,579,082 $20,918 5.2 $10.51 5.33 1 1,990 | 2022-03
$1,925,000 $1,905,441 $19,559 5.1 $11.51 5.36 | 1,700 | 2021-01
$3,200,000 $3,209,500 -$9,500 4.8 -$3.21 4.88 | 2,960 | 2020-11
$4,150,000 $4,187,560 -$37,560 4.5 -$10.49 4.68 | 3,580 | 2021-04
$2,700,000 $2,776,510 -$76,510 3.9 -$23.61 4.14 | 3,240 | 2021-07
$3,450,000 $3,567,668 | -$117,668 3.4 -$31.05 3.90 | 3,790 | 2020-09
$1,975,000 $2,109,255 | -$134,255 3.3 -$55.48 3.24 | 2,420 | 2020-02
$1,950,000 $2,085,431 | -$135,431 3.2 -$68.40 2.86 | 1,980 | 2021-02
$3,695,000 $3,859,154 | -$164,154 3.1 -$47.04 3.56 | 3,490 | 2021-05
$2,288,000 $2,455,747 | -$167,747 2.9 -$56.86 3.19 | 2,950 | 2020-06
$2,635,000 $2,802,781 | -$167,781 2.9 -$56.87 3.18 1 2,950 | 2020-09
$2,050,000 $2,217,794 | -$167,794 2.9 -$82.66 2.46 | 2,030 | 2021-07
$1,550,000 $1,731,804 | -$181,804 2.7 -$130.79 1.32 | 1,390 | 2021-05
$2.800,000 | $3,028,411 | -$228411 | 2.4 -$81.58 2.51 | 2,800 | 2021-02
$3,700,000 $3,976,381 | -$276,381 1.9 -$76.99 2.62 | 3,590 | 2021-08
$2,517,500 $2,834,974 | -$317,474 1.5 -$120.71 1.48 1 2,630 | 2019-11
$2,550,000 $2,905,330 | -$355,330 1.1 -$115.74 1.64 | 3,070 | 2019-12
$1,815,000 $2,263,944 | -$448,944 0.7 -$273.75 0.15 | 1,640 | 2021-11
$3,711,000 $4,683,454 | -$972,454 0 -$226.68 0.37 | 4,290 | 2021-12
$2,225,000 $3,332,960 | -$1,107,960 0 -$370.56 0.03 | 2,990 | 2021-08
$3,550,000 $4,746,489 | -$1,196,489 0 -$274.42 0.14 | 4,360 | 2022-06
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Figure 2: CQA-Residual Characteristic Function
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