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Abstract

It can be challenging when teaching regression concepts to find interesting real-life datasets
that allow analyses that put all the concepts together in one large example. For example, con-
cepts like interaction and predictor transformations are often illustrated through small-scale,
unrealistic examples with just one or two predictor variables that make it difficult for students
to appreciate how these concepts might be applied in more realistic multi-variable problems.
This article addresses this challenge by describing a complete multiple linear regression anal-
ysis of home price data that covers many of the usual regression topics, including interaction
and predictor transformations. The analysis also contains useful practical advice on model
building—another topic that can be hard to illustrate realistically—and some novel statistical
graphics for interpreting regression model results. The analysis was motivated by the sale of a
house by the author, while the statistical ideas discussed range from those suitable for a second

college statistics course to those typically found in more advanced linear regression courses.

Key words: Graphics; Indicator variables; Interaction; Linear regression; Model building;

Quadratic; Transformations.

1 Introduction

This article describes a complete multiple linear regression analysis of home price data for a city

in Oregon, USA in 2005. At the time the data were collected, the author was preparing to place his



house on the market and it was important to come up with a reasonable asking price. Whereas re-
altors use experience and local knowledge to subjectively value a house based on its characteristics
(size, amenities, location, etc.) and the prices of similar houses nearby, regression analysis pro-
vides an alternative that more objectively models local house prices using these same data. Better
still, realtor experience can help guide the modeling process to fine-tune a final predictive model.
The analysis described in this article contains many elements covered in typical regression
components of college statistics courses such as exploratory data analysis, indicator variables for
coding qualitative information, model building, hypothesis testing, diagnostics, and model inter-
pretation. Moreover, the analysis also contains a compelling application of some more challenging
topics including predictor interactions, predictor transformations, and understanding model results
through the use of graphics. The article discusses statistical ideas that range from those suitable
for the regression component of a second college statistics course to those typically found in more
advanced multiple linear regression courses. The author has used the material in his own second
statistics course (taken by business undergraduates at the University of Oregon). The example
generates a lot of discussion with students able to strongly relate to questions about house values
either directly or (more typically) through their parents’ homes. Students can engage with this
application for a variety of reasons, for example, thinking about the relative values of different
house characteristics (Is an additional bathroom valued more than an additional bedroom?), or, as
suggested by a referee, predicting the sale price for a house similar to the one that they grew up in.
The article, which is based on a case study in Pardoe (2006), is organized as follows: Section 2
describes the dataset; Section 3 outlines exploratory analysis of the data; Section 4 discusses devel-
opment of a suitable multiple linear regression model; Section 5 provides results and conclusions
from the analysis; Section 6 describes how to construct graphs to better understand the results; and

Section 7 concludes with ideas for extending the analysis in class or in student assignments.

2 Data Description

The data file contains information @i single-family homes in Eugene, Oregon during 2005. The
data were provided by Victoria Whitman, a realtor in Eugene. We wish to model sale prices of

single-family homes®rice, in thousands of dollars) using the following predictor variables:



Size = floor size (thousands of square feet)
Lot = lot size category (from to 11—explained below)
Bath = number of bathrooms (with half-bathrooms countin@ ds—explained below)
Bed = number of bedrooms (betweérand6)
Age = age (standardizedyear built-1970) /10—explained below)
Garage = garage size( 1, 2, or 3 cars)
Active = indicator for “active listing” (reference: pending or sold)
Edison = indicator for Edison Elementary (reference: Edgewood Elementary)
Harris = indicator for Harris Elementary (reference: Edgewood Elementary)
Adams = indicator for Adams Elementary (reference: Edgewood Elementary)
C'rest = indicator for Crest Elementary (reference: Edgewood Elementary)
Parker = indicator for Parker Elementary (reference: Edgewood Elementary)

It seems reasonable to expect that homes built on properties with a large amount of land area
command higher sale prices than homes with less land, all else being equal. However, an increase
in land area of (say3000 square feet frord000 to 6000 should probably make a larger difference
(to sale price) than going fror4,000 to 26,000. Thus, realtors have constructed lot size “cate-
gories,” which in their experience correspond to approximately equal-sized increases in sale price.

The categories (variableot) used in this dataset are:

Lotsize 0-3k 3-5k 5-7k 7-10k 10-15k 15-20k 20k-lac 1-3ac 3-5ac 5-10ac 10-20ac
Category 1 2 3 4 5 6 7 8 9 10 11

Lot sizes ending in “k” represent thousands of square feet, while “ac” stands for acres—there are
43,560 square feet in an acre. This will prove to be important when we come td.usen a
multiple linear regression model in Section 4. In a multiple linear regression model, predictors
necessarily have “linear” impacts on the response varidbtéct), such that a one unit change in
Lot is associated with a fixed change Mrice, whether going from categoriésto 3 or 7 to 8.
By contrast, using actual lot size in square feet in a model would produce less realistic results in
which an increase in land area froffi00 to 6000 square feet would be no different (in terms of
sale price) than going fror4,000 to 26,000.

Realtors have also recognized that “half-bathrooms” (without a shower or bath-tub) are not
valued by home-buyers nearly as highly as “full” bathrooms. In fact, it appears that their value is
usually not even one-half of a full bathroom and tends to be closer to one-tenth of their value—this

is reflected in the definition of the variabi#:th, which records half-bathrooms with the valué.



Different housing markets value properties of various ages in different ways. This particular
market has a mix of homes that were built from 1905 to 2005, with an average of around 1970.
In the realtor’'s experience, both very old homes and very new homes tend to command a price
premium relative to homes of “middle age” in this market. Thus, a quadratic effect might be
expected for an age variable in a multiple linear regression model to predict price. To facilitate
this we calculate a rescaled “age” variable from the “year built” variable by subtraciirig(the
approximate mean) and dividing Y. The resultingAge variable has a mean close to zero and
a standard deviation just over and leads to an intuitive interpretation fdge—it represents the
number of decades away fror70.

This dataset includes homes that have recently sold, wReiec represents the final sale
price. However, it also includes homes that are “active listings™—homes offered for sale but which
have not sold yet. At the time these data were collected, the final sale price of a home could
sometimes be considerably less than the price for which it was initially offered. The dataset also
includes homes that were “pending sales” for which a sale price had been agreed but paperwork
still needed to be completed. To account for possible differences between final sale prices and offer
prices, we define an indicator variabk;tive, to model differences between actively listed homes
(Active=1) and pending or sold homed{tive =0).

This particular housing market comprises a number of different neighborhoods, each with po-
tentially different levels of housing demand. The strongest predictor of demand that is available
with this dataset relates to the nearest school for each home. The housing market is contained
within the geographic boundaries of a single high school, but there are six different elementary
schools within this area. Thus, we define five indicator variables to serve as a proxy for the ge-
ographic neighborhood of each home. The most common elementary school in the dataset is
Edgewood Elementary School so we select this to be the “reference level.” The indicator variables

Edison to Parker then represent differences of each of the schools from Edgewood.

3 Exploratory Data Analysis

Figure 1 displays a scatterplot matrix of the quantitative variables in the dataset (all of the figures

and results in this article were obtained using R statistical software). While a number of bivariate
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Figure 1:Scatterplot matrix of the quantitative variables.

relationships are evident, these tell us little about the likely form of a useful multiple linear regres-
sion model. The plots show a number of points that stick out from the dominant patterns. None
of these values are so far from the remaining values that they are likely to cause a problem with
subsequent analysis, but it is worth making a note of them just in case. A®menuch larger
than the rest, while homgl has a larger lot size than the rest (and is quite expensive). E36mse
the only one with six bedrooms, while hori¢ is the oldest home. Homeg and47 are the only
ones with three-car garages, while honis the most expensive and hormés the cheapest.

Figure 2 displays boxplots aPrice versus the two qualitative variables. Home prices are less
variable and have a higher median for active listings relative to recently sold homes (or pending

sales). Prices tend to be higher in neighborhoods near to Edison and Harris schools, and lower for
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Figure 2:Boxplots ofPrice versusActive (left) and Price versus elementary school (right).

Adams, with the other three schools broadly similar in a “moderate” range. Héomgarticularly
expensive for a typical Edgewood home, while hotfigs similarly expensive for a typical Parker
home. The numbers of homes in neighborhoods near to Gréminges) and Adams3(homes)
are relatively small, which may limit our ability to say much about systematic differences in house
prices for these two neighborhoods. We return to this question at the end of Section 4.

Keep in mind that these observations about qualitative predictors do not take into account the

guantitative predictorsyize, Lot, and so on.

4 Regression Model Building

Having got a feel for the data, we next want to apply multiple linear regression modeling to see
whether the various house characteristics allow us to model sale prices with any degree of accu-
racy. All of the topics considered in this section (and also Section 5)—nantelgdfusted R,
regression standard error, residual analysis, indicator variables, variable transformations, interac-
tions, regression assumptions, variable selection, and nested model F-tests—would typically be
covered during the regression component of a second college statistics course.

We first try a model with each of the predictors “as is” (no transformations or interactions):

E(Y) = b+ b1Size + byLot + bsBath + byBed + bs Age + bsGarage

+b7 Active + bgEdison + bgHarris + bjgAdams + by, Crest 4+ bis Parker.
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Figure 3:Residual plots for the first model (left) and second model (right), bothAjth

on the horizontal axis and loess fitted lines superimposed.

This model results in values of’R- 0.530 (coefficient of determination) ang= 45.1 (regres-
sion standard error) but isn’t very satisfactory for a number of reasons. For example, the residuals
from this model fail to satisfy the zero mean (linearity) assumption in a plot of the residuals versus
Age, displaying a relatively pronounced curved pattern. The left-hand plot in Figure 3 displays this
plot, together with doess fitted linghat provides a graphical representation of the average value
of the residuals as we move across the plot (i.e.Aasincreases). Pardoe (2006, p. 107) and
Cook and Weisberg (1999, p. 44) provide more details on the use of loess fitted lines for assessing
patterns in scatterplots—this might be a more suitable topic for a more advanced regression course.

To attempt to correct this failing, we will add atye? transformation to the model, which as
discussed above was also suggested from the realtor’s experience. The finding that the residual plot
with Age has a curved pattern does not necessarily mean thayehtransformation will correct
this problem, but it is certainly worth trying.

In addition, bothBath and Bed have relatively large individual t-test p-values in this first
model, which appears to contradict the notion that home prices should increase with the number
of bedrooms and bathrooms. However, the relationship with bedrooms and bathrooms may be
complicated by a possible interaction effect. For example, adding extra bathrooms to homes with
just two or three bedrooms might just be considered a waste of space and so have a negative impact
on price. Conversely, there is a clearer benefit for homes with four or five bedrooms to have more

than one bathroom and so adding bathrooms for these homes probably has a positive impact on



price. To model such a relationship we will ad®ath x Bed = BathBed interaction term to the

model. Therefore, we next try the following model:

E(Y) = b() + blSize + bQLOt + b3BCLth + b4B€d + b34BCLthBBd
+bs Age + bsy Age? + bsGarage + by Active + bgEdison

+bgHarris + bjgAdams + b1 Crest + bia Parker.

This model results in values oPR-0.599 ands =42.4 and has residuals that appear to satisfy
the four regression model assumptions of zero mean (linearity), constant variance, normality, and
independence reasonably well (the residual plot wigla on the horizontal axis is displayed as the
right-hand plot in Figure 3 but the other residual plots are not shown). However, the model includes
some terms with large individual t-test p-values, suggesting that perhaps it is more complicated
than it needs to be and includes some redundant terms. In particular, the last three elementary
school indicators Adams, Crest, and Parker) have p-values 06.310, 0.683, and0.389. We
conduct a nested model F-test (also known as an “analysis of variance” test or “extra sum of
squares” test) to see whether we can safely remove these three indicators from the model without

significantly worsening its fit (at 8% significance level):

Model Summary

Adjusted Regression Change Statistics
Model MultipleR R Squared R Squared Std. Error  F-stat  dfl  df2 (>Py
3 0.767¢ 0.588 0.518 41.907
2 0.774° 0.599 0.507 42.370  0.537 3 61 0.659

e Predictors: (Intercept§ize, Lot, Bath, Bed, BathBed, Age, Age?, Garage, Active, Edison, Harris.

b Predictors: (Interceptfize, Lot, Bath, Bed, BathBed, Age, Age?, Garage, Active, Edison, Harris,
Adams, Crest, Parker.

Since the p-value 00.659 is more than any sensible significance level, we cannot reject the
null hypothesis that the last three school indicator regression parameters are all zero. In addition,
removing these three indicators improves the values of adjustdttdan 0.507 to 0.518) and s
(from 42.4 to 41.9). Removing these three indicators from the model means that the school ref-
erence level now comprises Edgewood, Adams, Crest, and Parker (so that there are no systematic

differences between these four schools with respect to home prices).
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5 Results and Conclusions
Thus, a final model for these data is

E(Y) = by+ biSize + byLot 4+ bsBath + byBed + bsyBathBed

+bsAge + bsa Age? + bgGarage + by Active + bgEdison + boHarris.
Statistical software output for this model is:

Model Summary

Adjusted Regression
Model Multiple R R Squared R Squared  Std. Error

3 0.767 ¢ 0.588 0.518 41.907

@ Predictors: (Interceptfize, Lot, Bath, Bed, BathBed, Age, Age?,

Garage, Active, Edison, Harris.

Parameters®
Model Estimate Std. Error t-stat ©r|t|)
3 (Intercept) 332.478 106.599 3.119 0.003
Size 56.719 27.974 2.028 0.047
Lot 9.917 3.438  2.885 0.005
Bath —98.156 42.666 —2.301 0.025
Bed —78.910 27.752 —2.843 0.006
BathBed 30.390 11.878  2.559 0.013
Age 3.301 3.169 1.042 0.302
Age? 1.641 0.733 2.238 0.029
Garage 13.119 8.285 1.583 0.118
Active 27.424 10.988 2.496 0.015
Edison 67.062 16.822 3.987 0.000
Harris 47.273 14.844 3.185 0.002

% Response variable?rice.

The estimated regression equation is therefore:

Price = 33248 + 56.72Size + 9.92Lot — 98.16 Bath — 78.91 Bed
+30.39BathBed + 3.30Age + 1.64Age* + 13.12Garage

4-27.42 Active 4 67.06 Edison + 47.27Harris.



This final model results in residuals that appear to satisfy the four regression model assumptions
of zero mean (linearity), constant variance, normality, and independence reasonably well (residual
plots not shown). Also, each of the individual t-test p-values is below the wsu@kthreshold
(including Bath, Bed, and theBathBed interaction), exceptdge (which is included to retain
hierarchy sincedge? is included in the model) an@arage (which is nonetheless retained since
its 0.118 p-value is low enough to suggest a potentially important effect).

The model can explaifi8.8% of the variation in price, and predictions using the model are
likely to be accurate to within approximately$83,800 (at a95% confidence level). To put this in
context, prices in this dataset range fréh®5,000 to $450,000. This still leaves more that0)% of
the variation in price unexplained by the model, which suggests that the dataset predictors can only
go so far in helping to explain and predict home prices in this particular housing market. Variables
not measured that could account for the remainih@% of the price variation might include
other factors related to the geographical neighborhood, condition of the property, landscaping, and
features such as updated kitchens and fireplaces.

A potential use for the model might be to narrow the range of possible values for the asking
price of a home about to be put on the market. For example, consider a home with the following
features: 1879 square feet, lot size categoty two and a half bathrooms, three bedrooms, built
in 1975, two-car garage, and near to Parker Elementary School (this was the author’s house at
the time). A95% prediction interval ignoring the model comes 4,800, $406,800); this is
based on the formula: sample meam-percentilex sample standard deviation\/m. By
contrast, #5% prediction interval using the model results come$1dT,100, $369,000), which is
about70% the width of the interval ignoring the model. A realtor could advise the vendors to price
their home somewhere within this range depending on other factors not included in the model (e.g.,
toward the upper end of this range if the home is on a nice street, the property is in good condition,
and some landscaping has been done to the yard). As is often the case, the regression analysis
results are more effective when applied in the context of expert opinion and experience.

These results also illustrate that “prediction is hard;” whereas the final model might be con-
sidered quite successful in terms of its ability to usefully explain ne@i%¢ of the variation in
sale prices, th@5% prediction interval of §197,100, $369,000) is perhaps disappointingly wide.

Students might like to consider ways to tighten up this interval, for example, by collecting more

10



data observations or thinking of new predictor variables.

A further use for the model might be to utilize the specific findings relating to the effects of
each of the predictors on the price. Sirige= 56.72, we expect sale price to increase 5672
for each100 square foot increase in floor size, all else held constant. Similarly, sinee.92,
we expect sale price to increase 3920 for each one-category increase in lot size, all else held
constant. Similarly, sincé; = 13.12, we expect sale price to increase 312 for each vehicle
increase in garage size, all else held constant.

The preceding discussion contains most of the standard topics that would typically be covered
during the regression component of a second college statistics course. Such courses sometimes
also cover more “advanced” topics, such as the role that individual data observations can play in
a multiple linear regression model (e.g., outliers or high leverages); these topics would certainly
be covered in a more advanced course dealing only with regression. To illustrate, calculation of
studentized residuals, leverages, and Cook’s distances can help to identify overly influential ob-
servations. Finding such observations can suggest the need to investigate possible data errors, to
add additional predictors to the model, to respecify the model in some other way, or to consider
removing the influential observations from the dataset. However, in this case none of the final
model studentized residuals are outside-ti3aange, and so none of the observations would prob-
ably be considered outliers. Horié (with a large floor size) has the highest leverage, although
homeb54 (the oldest home) is not far behind. These two homes also have the two highest Cook’s
distances, although neither is abové.a threshold (see Cook and Weisberg 1999, p. 358), and

neither dramatically changes the regression results if excluded.

6 Predictor Effect Plots

Interpretation of the parameter estimates Rath, Bed, and Age are complicated somewhat by
their interactions and transformations. In such circumstances it can be helpful to use statistical
graphics to help understand the model results. This section describes “predictor effect plots,”
line plots that show graphically how a regression response variable (home price in this case) is
associated with changes to the predictor variables. We will see that for the vasableg ot, and

Garage, these line plots simply represent the corresponding parameter estimates as straightforward
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slopes. However, in the case Bluth, Bed, and Age the plots provide additional insights due to
the presence of complicating interaction effects and transformations.

Note that estimated regression parameters cannot usually beogiusalinterpretations. The
regression modeling described in this article can really only be used to quantify relationships and
to identify whether a change in one variable is associated with a change in another variable, not to
establish whether changing one variable “causes” another to change. The term “predictor effect”
in this section indicates how a regression model expeeise to change as each predictor changes
(and all other predictors are held constant), but without suggesting at all that this is some kind of
causal effect.

The basic ideas behind predictor effect plots are sufficiently straightforward that they could
be comfortably covered in the regression component of a second college statistics course. First,
consider howPrice changes aS'ize changes. Sinc8ize is not included in any interaction terms,
we can isolate this change ivice when we hold the remaining predictors constant (say, at sample
mean values for the quantitative predictors and zero for the indicator variables). Thesithe *
effect onPrice” is

Size effect onPrice = 135.1 + 56.72S%ze.

The valueb6.72 comes directly from thé'ize part of the estimated regression equation, while the
value135.1 results from plugging in the sample meansfet, Bath, Bed, Age, andGarage, and
zero for Active, Edison, and Harris to the rest of the equation. Thigze effect then represents
how Price changes a$'ize changes for homes with average valuesfot, . . ., Garage that are
in the Edgewood, Adams, Crest, or Parker neighborhoods.

We can then construct a line plot with thi$ze effect on the vertical axis anglize on the hori-
zontal axis—the left-hand plot in Figure 4 illustrates. Over the range of values in the dataset, floor
size increases from approximatéhs0 to 2900 square feet are associated with price increases from
approximately$215k to $300k on average (for homes with average valuesfot, . . ., Garage
that are in the Edgewood, Adams, Crest, or Parker neighborhoods). Homes with other values for
Lot, ..., Garage, or that are in other neighborhoods, tend to have price differences of a similar
magnitude for similar changes in floor size (although the sales prices of individual homes will
depend on those values 6bt, . .., Garage and neighborhood)—the predictor effect plot would

simply have different values on the vertical axis, but the slope of the line would be the same.

12
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Figure 4:Predictor effect plots foSize and Lot in the home prices example. In the left
plot, theSize effect onPrice of 135.1 4 56.72S%ze is on the vertical axis, whil&ize is
on the horizontal axis. In the right plot, thievt effect onPrice of 207.2 4+ 9.92 Lot is on

the vertical axis, whild.ot is on the horizontal axis.
Similarly, the “Lot effect onPrice” is
Lot effect onPrice = 207.2 4+ 9.92Lot,

which is illustrated in the right-hand plot in Figure 4. Lot size category increaseslftorml are
associated with price increases from approxima$elibk to $315k on average (for homes with
average values fd¥ize, Bath, Bed, Age, andGarage that are in the Edgewood, Adams, Crest, or
Parker neighborhoods). Again, homes with other predictor values tend to have similar magnitude
price differences for similar changes in lot size.

The “Bath Bed effect onPrice” involves an interaction:
BathBed effect onPrice = 504.2 — 98.16 Bath — 78.91Bed + 30.39BathBed.

The left-hand plot in Figure 5 shows a line plot with tii#ath Bed effect onPrice on the vertical

axis, Bath on the horizontal axis, and lines marked by the valuBed. In homes with just two or

three bedrooms, additional bathrooms are associated with lower prices (holding all else constant),
particularly two-bedroom homes. Conversely, in homes with four or five bedrooms, additional
bathrooms are associated with higher prices (all else constant), particularly five-bedroom homes.

The scale on the plot shows the approximate magnitude of average prices for different numbers

13
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Figure 5:Predictor effect plots foBath and Bed in the home prices example. In the left
plot, the Bath Bed effect onPrice of 504.2 — 98.16 Bath — 78.91 Bed + 30.39 Bath Bed

is on the vertical axis whildath is on the horizontal axis and the lines are marked by
the value ofBed. In the right plot, theBath Bed effect onPrice is on the vertical axis

while Bed is on the horizontal axis and the lines are marked by the valueaoh.

of bathrooms and bedrooms (for homes with average valuesiter Lot, Age, andGarage that
are in the Edgewood, Adams, Crest, or Parker neighborhoods). Again, homes with other predictor
values tend to have price differences of a similar magnitude for similar changes in the numbers of
bathrooms and bedrooms.

The right-hand plot in Figure 5 shows a line plot with tBeth Bed effect on Price on the
vertical axis and3ed on the horizontal axis, and lines marked by the valuBafh. In homes with
one or two bathrooms, additional bedrooms are associated with lower prices (all else constant),
particularly one-bath homes. Conversely, in homes with three bathrooms, additional bedrooms
are associated with higher prices (all else constant). The scale on the plot shows the approximate
magnitudes of average prices for different numbers of bathrooms and bedrooms (for homes with
average values fofize, Lot, Age, andGarage that are in the Edgewood, Adams, Crest, or Parker
neighborhoods). Again, homes with other predictor values tend to have price differences of a
similar magnitude for similar changes in the numbers of bathrooms and bedrooms.

The “Age effect onPrice” is

Age effect onPrice = 246.9 + 3.30Age + 1.64Age?.

14
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Figure 6:Predictor effect plots fordge and Garage in the home prices example. In the
left plot, the Age effect onPrice of 246.9 + 3.30Age + 1.64Age? is on the vertical axis
while Age is on the horizontal axis. In the right plot, th@arage effect onPrice of

226.2 + 13.12Garage is on the vertical axis whilé&/arage is on the horizontal axis.

The left-hand plot in Figure 6 shows a line plot with thige effect onPrice on the vertical axis

and year on the horizontal axis. Over the range of values in the dataset, average prices decrease
from a high of approximately$295k to a low of approximately$245k from the early 1900s to

1960, and then increase again up to approximéiedpk in 2005 (for homes with average values

for Size, Lot, Bath, Bed, andGarage that are in the Edgewood, Adams, Crest, or Parker neigh-
borhoods). Again, homes with other predictor values tend to have price differences of a similar
magnitude for similar changes in age.

The “Garage effect onPrice” is
Garage effect onPrice = 226.2 + 13.12Garage,

which is illustrated in the right-hand plot in Figure 6. Over the range of values in the dataset,
garage size increases fraito 3 are associated with price increases from approximéaiehpk
to $265k on average (for homes with average valuesJore, . . ., Age that are in the Edgewood,
Adams, Crest, or Parker neighborhoods). Again, homes with other predictor values tend to have
similar magnitude price differences for similar changes in garage size.

The indicator variable effects are more easily described in words. An active listing (with all

else held constant) tends to be associated with a price incred®¥.400 (perhaps suggesting
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that homes offered for sale were substantially overpriced in this housing market). Finally, two
elementary schools seem to offer a price premium: Edison (approxinti#ely00) and Harris
(approximately$47,300). This does not necessarily mean that it is just the proximity of these
schools to a home that is associated with increased sale prices. It is more likely in this case that
there are a number of features associated with these neighborhoods that tend to increase home
prices (e.g., in this case Edison and Harris are both close to the major university in the state, the

University of Oregon).

7 Discussion

This article has described a complete analysis—from exploratory data analysis through multiple
linear regression model building—of a compelling real-life dataset on home prices. The analysis
has covered many of the usual topics in a regression course, but, as is usually the case, there
are additional possibilities for investigating this dataset further. The following offers some ideas
for students to continue working with this dataset. Some, such as the first idea below would be
reasonable for the regression component of a second college statistics course, while others, such as

the final idea below, might be better suited for a more advanced course dealing only with regression.

1. It is possible that the final model could be improved by considering interactions between
the quantitative predictors and the indicator variables, for examiglgyeSize. Investigate

whether there are any such interactions that significantly improve the model.

2. Investigate whether an alternative measure of lot size might be more appropriate than the
categories used in the dataset. For example, define a new predictor variable that is the natural
logarithm of the mid-point of the lot size range (in thousands of square feet) represented
by each category (i.eln(1.5) = 0.41 for categoryl, In(4) = 1.39 for category2, and so
on). Reanalyze the data with this new predictor in placé@f Do model results change

drastically when you do this?

3. Investigate whether counting half-bathroomg)dsis reasonable. For example, change val-
ues ending inl in the dataset to end i instead, and reanalyze the data. Do model results

change drastically when you do this?
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4. Investigate whether there appear to be any systematic differences between pending sale
prices and actual sales prices (all else equal). The analysis just described assumes no dif-
ference since the only indicator variable for “statusAigive, which is1 for active houses
and0 for both pending sales and sold houses. Add an indicator variable th&gripending
sales and for both active and sold houses, and reanalyze the data. Do model results change

drastically when you do this?

5. The values forPrice are slightly skewed in a positive direction, suggesting perhaps that
transforming Price to In(Price) might result in an improved multiple linear regression
model. Reanalyze the data, but Us€Price) as the response variable insteaditfice.
Interpret results, remembering that regression parameter estimates dychitimeed to
be transformed t@xp(?)l) —1, where they now represent the expected proportional change
in Price from increasingSize by one unit (all else constant). Justification for this transfor-
mation comes from the following. Partition the model predictors iKtoand X (a vector
representing all remaining predictors), and note that the expected (absolute) ch&nge in

after increasingX; by one unit (all else constant) is
exp(by(X141) + bX) — exp(by X; + bX) = (exp(b;)—1) exp(b X; + bX),

whereb is a vector representing the regression parameters for the predickrsTinus, the
expected proportional change itrice after increasingX; by one unit (all else constant) is

simply exp(b;)—1.

6. Obtain similar data for a housing market near you (e.g., home listings are commonly avail-
able on the internet), and perform a regression analysis to explain and predict home prices

in that market. Compare and contrast your results with the results presented here.
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