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Abstract - English

Real estate appraisal, the house price estimation, is an essential but cumbersome task
for selling, financing, or taxing a property. Information systems based on the hedonic
pricing model arose, helping automate the process. These systems use classical house
attributes like size and age in linear models. However, these systems fall short with
limited predictive performance and cannot account for implicit factors like aesthetics
embedded in unstructured data like images. Therefore, this work aims to improve
real estate appraisal by leveraging multi-view learning models, which analyze multiple
data types simultaneously. It has remained unclear which data sources to include
and which modeling strategy to use to increase the predictive power. Furthermore, as
most models are black boxes, explainability must also be inspected. Our experiments
indicate that multi-view real estate appraisal models perform between 5.4% and 34%
better than the baseline. A combination of geospatial data, exterior and streetview
images was the best data combination, while multi-view neural networks were the most
performant models. Explainable artificial intelligence helped to extract reasons for the
predictions. In particular, we developed a new post-hoc method called Grad-Ram. From
an economic perspective, comparing search and experience qualities revealed that both
are essential for the price estimation. Lastly, a taxonomy describing the explainability

of these systems was developed.

Keywords: Multi-view Learning, Explainable Artificial Intelligence, XAI, Real Estate

Appraisal, Computer Vision, Deep Learning, House price



Abstrakt - Deutsch

Hauspreisevaluierungen sind ein essenzieller, aber arbeitsaufwandiger Bestandteil in
Kauf-, Finanzierungs- oder Grundsteueraktivitiaten. Informationssysteme basierend
auf hedonischen Preismodellen helfen die Aufgabe zu automatisieren und fokussieren
auf klassische Hauseigenschaften und lineare Modelle. Jedoch haben diese eine lim-
itierte Vorhersageprazision und koénnen keine impliziten Preiseinfliisse aus unstruktu-
rierten Daten wie Bildern bemessen. Das Ziel dieser Arbeit ist die Verbesserung der
Hauspreisschatzung durch Multi-view Learning, welche verschiedene Datentypen gleich-
zeitig analysieren kann. Aktuell bleiben der Einfluss von Datenquellen und Model-
lierungsstrategie auf die Vorhersagegenauigkeit unklar. Zusatzlich muss die Erklar-
barkeit der Algorithmen eruiert werden. Unsere Experimente zeigen, dass Hauspreis-
schatzungen basierend auf Multi-view Modellen zwischen 5.4% und 34% genauer sind.
Eine Kombination aus geo-raumlichen Daten, sowie Auflen- und Straflenbildern verbes-
sert die Vorhersageperformance am stéarksten, wahrend Multi-view Neuronal Networks
die performantesten Modelle sind. Erklarbare kiinstliche Intelligenz hilft bei der Iden-
tifizierung von Entscheidungsparametern, z.B. durch die entwickelte Grad-Ram Erklar-
barkeitsmethode. Aus 6konomischer Sicht zeigt ein Vergleich von Such- und Erfahrungs-
eigenschaften, dass beide essenziell fiir die Hauspreisschatzung sind. Schlussendlich wird

eine Taxonomie fiir die Erklarbarkeit von Vorhersagesystemen konstruiert.

Stichworte: Multi-view Learning, Erklarbare kinstliche Intelligenz, XAI, Hauspreis-

schatzung, Computer Vision, Deep Learning, Hauspreis
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1. Introduction

One basic need for humans is to nd shelter - often provided by houses or condos. The
value estimation of the place to live is essential for many tasks, including acquiring
one. In this dissertation, we analyze and improve the computational models in the
background. The subsequent chapters motivate the research objective and introduce
the research questions answered.

1.1. Motivation

Real estate appraisal, the price estimation of a parcel, house, or apartment, is an
essential task needed for many processes related to buying and selling, nancing, or
taxing the property (Law, Paige, & Russell, 2019; S. Peterson & Flanagan, 2009).
While 12-16% of the Gross Domestic Product (GDP) of the U.S. is associated with
processes around the house (B. Han, 2022; OECD, 2021), 3-5% are directly related to
the sale process (National Association of Home Builders, 2020), indicating the economic
importance of building, renovating, buying and selling houses. With the dominance of
online platforms for a large variety of products, the search for a new home is evermore
performed online. 97% of home buyers use online real estate platforms, like Zillow,
the largest provider in the U.S., as an information source for a rst search (National
Association of Realtors, 2021).

Subject to any housing sale is a buying process. In general, the transaction process of
property can be subject to information asymmetries, as the principal (buyer) has less
information than the agent (seller), which can lead to market failure in the realm of the
"Markets for Lemons’ (Akerlof, 1978; Ross, 1973). Especially for complex goods, which
have information accessible prior to purchase, known as Search qualities, and informa-
tion accessible only after the purchase, known as Experience qualities, the information
asymmetries can reside (Nelson, 1970). One example of information asymmetries is the
search on real estate online platforms like Zillow. Only Search qualities are depicted
on the platform, but for example, the quality of the house or the safety of the neigh-
borhood, characteristics that need to be experienced, are not available. This situation
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increases the advantage of the agent by having all this information. Making an accu-
rate appraisal only with limited information makes the task even more challenging. In
addition, appraisals are laborsome, as depending on the overarching process, they are
performed manually by an expert (Koch et al., 2019; Sing, Yang, & Yu, 2021).

Intelligent systems named Computer Assisted Mass Appraisal (CAMA) (W. McCluskey,
Deddis, Mannis, McBurney, & Borst, 1997) or Automated Value Models (AVM) (Sing
et al., 2021) arose, aiming to reduce the overall workload in the appraisal process.
Maybe the most prominent example of an AVM is the price estimate o ered at the
online real estate platform Zillow. It is often claimed, that price predictions are one of
Zillows unique selling propositions (Poursaeed, Matera, & Belongie, 2018). Their price
estimate, also called Zestimat®, is known for its precision because the prediction is
within 5% of the sale price, 75% of the time (Zillow Group Inc., 2020).

Dominantly used for real estate appraisal is the hedonic pricing theory. The funda-
mental assumption in hedonic pricing is that the characteristics of a good contribute
to the object's value. For houses, the number of rooms, age, or amenities like a re-
place are examples. Thus, the overall price is the sum of the value contribution of
the characteristics (Lancaster, 1966; Rosen, 1974). A Linear Regression Model is often
used to build the hedonic pricing model. Mathematically speaking, the hedonic pricing
model and the Linear Regression have similar attributes of linearity and additivity. In
addition, the Linear Regression is transparent because pricing e ects (coe cients) can
be measured, which can be used as an explanation for di erent user groups (Law et
al., 2019). Recently, through the advances in Machine Learning (ML), more and more
non-parametric models improved the predictive accuracy of the house price estimate
(Kok, Koponen, & Martinez-Barbosa, 2017; Limsombunchai, 2004; Sing et al., 2021).
This satis es one essential criterion for using these systems in practice, as the predictive
performance was reported of being important (Law et al., 2019; S. Peterson & Flanagan,
2009).

The existing literature focused on using variables typical for a house, like size, age, and
amenities, which are called classical housing characteristics afterward (Limsombunchai,
2004; W. McCluskey et al., 1997; S. Peterson & Flanagan, 2009; Sing et al., 2021).
Nevertheless, aspects that are also of importance in the pricing process of a house, e.g.,
style and aesthetics, are often omitted (Poursaeed et al., 2018; S. Zhang, Lee, Singh,
& Srinivasan, 2022). However, this information may be included in unstructured data
like images (e.g., exterior, interior, or satellite images). Because the information is not
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directly observable in the data, these variables are often called soft information (Liberti

& Petersen, 2019). While they can not be directly analyzed, the advancements of ML,
like Deep Learning (DL) algorithms, make it possible to use such implicit information
(Poursaeed et al., 2018). Nevertheless, this leads to complex algorithms because images
(three-dimensional tensor) and housing characteristics (vector) can not be easily fused.
Consequently, current AVMs can not use these data sources simultaneously. The used
plain vanilla® algorithms like Random Forest or Convolutional Neuronal Network (CNN)

are specialized to analyze one data type only but can not combine multiple data types
simultaneously.

1.2. Research objective and research question

This thesis, therefore, focuses on advancing existing real estate appraisal algorithms by
incorporating such additional data sources. Therefore, a sub eld in ML is used, which
is called multi-view learning. It provides algorithmic solutions for leveraging multiple
data sources (also called views) of di erent data types (Li, Yang, & Zhang, 2018; Zhao,
Xie, Xu, & Sun, 2017). The research objective is:

Improving real estate appraisal by leveraging multi-view learning to incor-
porate multi-modal data.

Studies using this methodology in the context of real estate appraisal used di erent data
sources and models (Bency, Rallapalli, Ganti, Srivatsa, & Manjunath, 2017; Bessinger
& Jacobs, 2016; Law et al., 2019; Poursaeed et al., 2018). While a variety of data sources
was used in the past, ranging from interior and exterior images to satellite images, no
comparison of the predictive performance of di erent data sources exists. This led to
the rst research question:

RQ 1: What predictive power do di erent data sources (views) hold for
real estate appraisal?

Furthermore, di erent modeling approaches were used to combine multiple data sources,
ranging from a single to multiple models (Bency et al., 2017; Bessinger & Jacobs, 2016;
Law et al., 2019; Liu et al., 2018). As pointed out, integrating various data sources
in di erent formats is challenging, as most ML algorithms specialize in one data type
(single view) only. One approach to deal with multiple views is to train one specic

L Plain vanilla is an English term to describe a basic avor or usual con guration of an

object. In computer science it refers to out-of-the-box (not customized) software.
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algorithm per view and combine the predictions afterward. Other approaches extract
features from the di erent views per ML algorithm, which are combined to be the input
into another algorithm, predicting the overall target. Lastly, there are specialized DL
algorithms, which create a latent feature space, used to predict the target variable.
While these di erent methods compete, currently, no standard approach exists, and
the in uence of the model on the predictive power remains unclear. Thus, this raises
the following question:

RQ 2: Which strategies in multi-view learning real estate appraisal lead
to increased predictive performance?

Despite the requirement of giving precise estimates, AVMs must also be explainable to
a user, either bound by law in decisions over humans (Kaminski, 2019) or because of
user requirements in high-stakes decisions (Adadi & Berrada, 2018; Nussberger, Luo,
Celis, & Crockett, 2022). For example, it might be necessary for a bank to explain why
the loan for a house was rejected, while real estate agents using computer assistance
to price houses might need to explain to their clients which characteristics in uenced
the house price (Law et al., 2019). While the hedonic linear regression possessed the
gualities of being explainable and interpretable, through the use of ML, more and more
black box algorithms were used. The ML's inner decision-making is obfuscated and
thus complex to explain to humans because the algorithm provides no reason why the
decision is made. To counteract this development, Explainable Arti cial Intelligence
(XAl provided methods to explain the decision path of complex algorithms (Du, Liu,

& Hu, 2019; Guidotti et al., 2018; Meske, Bunde, Schneider, & Gersch, 2020; Molnar,
2019). This leads to a third question:

RQ 3: To what extent can XAl increase the explainability in multi-view
learning real estate appraisal algorithms?

To answer the research questions, two di erent research methods are used. First, we
use computational experiments to create multi-view learning real estate appraisal mod-
els. These models relate after Gregor (2006) to Type 3 "Theories for prediction’, as the
predictive performance of strategies, data sources, and algorithms, as well as their ex-
plainability, is in the focus. Second, we create a framework, labeled after Gregor (2006)
a Type 1 Theory for analysis and description’, to describe the AVMs' interpretability
and explainability capacities.

Our results indicate that, on average, the multi-view learning models perform 11.7% bet-
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ter than the hedonic linear regression baseline. A combination of spatial data, exterior
images and streetview images improved the predictive performance the strongest with
an average of 15.4%, followed by satellite images with 14.5%. Overall, multi-view neural
networks performed best with 14.3% improvement, followed by multi-view concatena-
tion approaches with 11.5%. While concatenation approaches are the state-of-the-art,
the suggested multi-view neural networks are on average 2.8 percentage points more
precise, equaling approximately 8.000 USD per house. The used multi-view learning
models are black boxes. However, some explainability can be gained by adjusting the
modeling strategy and enhancing the models with XAl methods. For example, location
and aesthetic aspects were learned from the models from image data. In addition, it
was shown that these data types not only contain soft information but can also be used
to transform Experience qualities to Search qualities. To be able to describe the kind
of intelligent systems used, a taxonomy was built.

Our contribution is manifold. First, we extend the understanding of multi-view learning
by testing how di erent data sources (views) can improve the predictive accuracy of
AVMs in comparison to single-view AVMs only. Second, we compare di erent multi-
view learning strategies for comprehending their contribution to the predictive power.
By using multi-view neural networks, we challenge the widely used concatenation ap-
proaches, by (a) having a convenient single-stage model which provides predictions in
an end-to-end fashion and (b) having better predictive performance. Third, we test
the explainability of di erent multi-view learning approaches, advancing on strategies
to improve it and provide a socio-technical framework for choosing an appropriate XAl
method. In this light, we create a new XAl method for image regression problems to
Il the methodological gap in related work. In addition, by providing a taxonomy, we
enable the description of the interpretability and explainability capabilities in intelli-
gent systems, especially of AVMs. Lastly, we inspect the role of Experience qualities
in real estate appraisal and use geospatial analysis and DL to transform Experience
qualities into Search qualities. This enables easier information acquisition and a shift
in information asymmetries towards the principal, reducing the risk of a lemon market.

1.3. Thesis structure

Overall, six papers built the second part of the dissertation, enlisted in Table 1.1. These
include three conference articles and three journal articles. One conference and one
journal article are published as a single-author study. Five of the six papers published
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are ranked in the "Verband der Hochschullehrer der Betriebswirtschaft' VHB Jourqual
3 (JQ3)%. The ranking of the articles included in this dissertation ranges from C to B.

In addition, a list of additional publications is summarized in Table 1.2. They include
four conference outlets and one journal publication. These publications are pre-studies
for the papers published about real estate appraisal. Furthermore, two relate to other
topics, like data analysis in loyalty programs.

The dissertation is structured as follows: Part A comprises Chapters 1 to 6. Chapter 2
describes the foundations of real estate appraisal, deep learning for image data, multi-
view learning, XAl and related work in multi-view real estate appraisal. Chapter 3

re ects on the research methods, while Chapter 4 summarizes the results. Chapter
5 discusses the results under various aspects of the research goal and concludes with
implications. Chapter 6 ends the dissertation with limitations and an outlook. Each
publication in Part B (Chapters 7 to 11) is one dedicated Chapter.

2 The ranking can be found under: https://vhbonline.org/vhb4you/vhb-jourqual/vhb-
jourqual-3
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Table 1.2.: Additional publications beyond the dissertation.
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P: Published
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2. Background

This chapter introduces basics for explainable multi-view real estate appraisal.

2.1. Real estate appraisal for tabular data

While real estate appraisal is a large eld, rst, the economic importance, user groups,
and theories are introduced (Chapters 2.1.1, 2.1.2). Based on this summary, Chapter
2.1.3 describes technological developments in real estate appraisal concerning ML.

2.1.1. Real estate appraisal in the economic context

Real estate appraisal is the value estimation of houses, dwellings, or property land (Law
et al., 2019; Limsombunchai, 2004). As mentioned earlier in Chapter 1.1, real estate
is one vital industry for many countries in terms of economical impact. In contrast to
trading other nancial values like shares, real estate is characterized by a low trading
frequency and no continuous cash ow (S. Peterson & Flanagan, 2009).

Appraisal is the basis for many tasks associated with real estate. Thus, di erent stake-
holders are highly interested in it. First, real estate buyers and sellers rely on the price
estimates as decision support in the buying or selling process, as well as real estate
agents, who seek information to improve their sale pitch and negotiation (Bourassa,
Cantoni, & Hoesli, 2010; Law et al., 2019; Limsombunchai, 2004). Banks and nan-
cial lenders use real estate appraisal as one criterion in their loan application process
(Bourassa et al., 2010; Liu et al., 2018; Pagourtzi, Assimakopoulos, Hatzichristos, &
French, 2003). Based on the evaluated value, the credit acceptance or rejection deci-
sion is made (S. Peterson & Flanagan, 2009). Municipalities and governments couple
their property tax calculation on the appraised value of the house (W. McCluskey et
al., 1997; Pagourtzi et al., 2003). Even not directly involved in the sales, payment, or
taxation process of houses, economists and econometrics researchers are interested in
appraisal as it has a dominant share in the economy and therefore is an essential part
of their domain (Law et al., 2019).

11
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Furthermore, estimating prices for houses as a decision aid is also popular in an online
setting. Since online real estate platforms ease the property search, many buyers and
sellers rely on the o ered services. It is estimated that 97% of home buyers use the
internet, like the online platform Zillow and its price estimate called Zestimat®, for

a rst search (National Association of Realtors, 2021; Zillow Group Inc., 2020). It is
reported that the o ered price prediction of Zillow is within 5% of the actual sale price
75% of the time (Poursaeed et al., 2018; Zillow Group Inc., 2020). Especially in online
settings, where only the information available on the website is useable for searching and
evaluating a product, information asymmetries can occur between the principal (buyer)
and the agent (seller) (Ross, 1973). In the most extreme case, due to these information
asymmetries, a ‘'market for lemons' is established, where good quality o ers are not in
demand anymore due to being indistinguishable from lower quality o ers. The result
is market failure (Akerlof, 1978).

Appraising a house is a complex task (Koch et al., 2019), as houses are non-standardized
goods, and many aspects need to be considered in the value estimation process (Vanags,
Geipele, Sarkans, & Usenieks, 2017). Therefore, experts often do this job in person.
However, this is a time-consuming operation, especially when many houses need to be
(re-)evaluated (Koch et al., 2019). In addition, it is important that experts keep their
price estimation consistent between houses (Sing et al., 2021).

Using a decision support system based on quantitative data, statistics, and ML might
help decrease the work e ort per appraisal and standardizes the estimation process (Sing
et al., 2021). Such systems are named Computer Assisted Mass Appraisal (CAMA)
(W. McCluskey et al., 1997; Pefia, Fuentes, Cervera, & Hernandez, 2012) or Automated
Value Models (AVM) (W. J. McCluskey, Daud, & Kamarudin, 2014; W. J. McCluskey,
McCord, Davis, Haran, & Mcllhatton, 2013; Sing et al., 2021). The prediction based on
the quantitative model can either be used to automate the appraisal process fully or to
support a decision maker in the decision process by providing an objectively produced
anchor (Koch et al., 2019; Pefa et al.,, 2012; S. Peterson & Flanagan, 2009; Sing et
al., 2021). Looking at usage statistics from appraisers revealed that while 97% of the
appraisers questioned conducted at least once an appraisal in-person, only 7% have
tried AVMs. Moreover, 45% of all appraisers stated that they are very uncomfortable
with AVMs, being the least popular choice of appraisal methods (National Association
of Realtors, 2022).
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2.1. Real estate appraisal for tabular data

2.1.2. Hedonic real estate appraisal

In general, there are many approaches to predict house prices and sales, including meth-
ods focused on individual houses and price index-based time-series mddelaldominos

et al., 2018; Hill & Scholz, 2018; Limsombunchai, 2004). Focusing on the evaluation
of individual house prices, the housing characteristics like size and age as independent
variables, and the current value of a house as a dependent variable matter. Real es-
tate appraisal, therefore, is grounded in the Hedonic Pricing Model. This theory was
proposed in the 1970s by Lancaster (1966) and later on re ned by Rosen (1974) in
the 1980s. The underlying assumption is that an object's value is determined by its
characteristics and usefulness. Thus, the utilities should be separated and estimated
individually, primarily by gathering real-world data and measuring the value di erences

by variation in the descriptive characteristics of the object. The total value of an object

is the sum of the value contribution of the constitutional characteristics, expressed as:

y= i X (2.2)
|

wherey is the total value of the object (e.g., a house)x; is a utility (e.g., number
of rooms), ; is the value contribution of x;, summed over all characteristicd. As
Equation 2.1 is, in fact, in a linear model, often a Linear Regression is used to estimate
the hedonic pricing model. The strength of this theory is that the value contributions of
characteristics are objectively measured, creating a very good domain understanding,
similar to the decision process of stakeholders (Pagourtzi et al., 2003). Furthermore,
as predominately a Linear Regression is used, the algorithm itself is very interpretable
with the statistical measurement of the coe cients .

Besides the hedonic pricing theory, other methods exist to appraise a home. One method
that uses the house's characteristics to determine the price is the Comparable Pricing
Approach. When performed by hand, the appraiser selects similar houses to the house
to appraise, determines their similarity, and makes the nal estimate by weighting
the prices according to the similarity (Pagourtzi et al., 2003). This procedure could
also be automatized through ML by using the k-nearest-neighbors algorithms, which

1 Time-series models use an index to predict based on a time-based structure the mean

house prices (for a specic type of house, e.g. family home), for the upcoming 6, 12,
18 month (Baldominos et al., 2018; Hill & Scholz, 2018). In this thesis, we solely focus
on appraisal, the evaluation of individual houses, and therefore disregard research about
house price indexes.
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computes the similarity based on the distance of characteristics. In contrast to the
methods focused on the house's characteristics, several approaches are related to nance
or geospatial analysis. Financial approaches are investment or prot based. Both
have a cash- ow-centric view of the property. In the investment-based evaluation, rent
measures the real estate value, as the rental value is the monthly or yearly equivalent
usage of a property paid to the landlord (owner). The rent can be seen as the return of
investment for buying the property. In case the property does not relate to a house but
an industrial company or service rm, the property is seen as a production factor (e.g.,
the rooms in a hotel), and the potential cash ow in terms of pro tis calculated by using
the turn-over and deducting any costs. Property can also be seen from a developmental
standpoint, where the usage of the land and dwelling determines the value. The value
is determined by geographical factors. Dierent use cases are compared, with the
goal of nding the most suitable for the land at hand. Thus, the starting point is to
imagine the land would be unused, and a use has to be determined. Consequently,
it is implicitly assumed that the current usage of the parcel is not the best and can
be improved. Often geographical factors (distance to POls, lot dimensions, physical
attributes) instead of housing characteristics are considered. This method can help to
create more attractive spaces and thus might be attractive for municipalities. Lastly,
there are methods related to the cost of replacement. In terms that the property type
is rarely traded or sold and is unique or very special in terms of usage, so that there are
no market observations to determine a value by hedonic or comparison approaches, the
value of the property is the costs that would be needed to rebuilt or replace this current
property (Pagourtzi et al., 2003). For this work, we mainly focus on the hedonic pricing
approach, as this is primarily used for the type of property that is inspected (family
homes) as well as because of its unique properties to measure the value contribution of
the characteristics of a house that can be used to explain the prediction made (Law et
al., 2019; Limsombunchai, 2004).

In contrast to pricing methods, another economic theory must also be considered related
to product search and evaluation. As introduced at the beginning of the chapter, the
sales process, especially in an online setting, has to face information asymmetries when
analyzed from a principal-agent setting (Ross, 1973). Despite the side-e ect of possibly
failing markets (Akerlof, 1978), theories explaining the cost-e ort and information-
acquiring process in a buying process emerged. In particular, this is the Search, Ex-
perience, Credence (SEC) theory. While initially proposed by Nelson (1970) focusing
on the di erences between Search and Experience qualities, the theory was extended
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by Darby and Karni (1973) to Credence goods. First, the theory categorized the whole
good as a Search or Experience good, while later on, the theory was applied to indi-
vidual characteristics of goods (Klein, 1998). In general, the SEC theory describes the
properties of a good, depending on the point of time, when the information is available,
and which costs are associated with them (Figure 2.1). The overall costs are the product
costs plus the search costs for the product (Klein, 1998). Search goods have a majority
of qualities where information can be accessed prior to purchase (Nelson, 1970). So the
information is relatively easy to acquire, resulting in low search costs. Acquiring infor-
mation by purchase (experience) is in this case costlier than the search for information.
Classic examples are run-of-the-shelf consumer goods like socks or furniture (lacobucci,
1992). In contrast, experience qualities are qualities that need to be experienced so
that these can be evaluated. Acquiring information about these properties before the
purchase is costlier in terms of e ort and time. Because of the expensive search for
information, these products would usually be evaluated by sampling - by repeatedly
buying and experiencing them. If the experienced good does not meet the requirements
(e.g., taste), another brand or ‘'manufacturer' is tried out (sampled from all available
products). Examples are washing powder, the quality of a service (rental car), or the
taste of food (lacobucci, 1992). Sometimes the hurdles for sampling are additionally
lowered by o ering free trials so that customers are engaged in experiencing the prod-
uct (Klein, 1998). Credence goods have qualities that can not be accessed because a
comparison is impossible. For example, a consultation with a lawyer or a medical oper-
ation falls under the credence category. One can not ght the same lawsuit twice using
di erent lawyers or remove the same kidney from one's body by di erent doctors, so an
insu cient amount of data can be observed to make comparisons between the lawyers
or doctors (Darby & Karni, 1973; lacobucci, 1992).

In this context, goods with having Search and Experience qualities are interesting, be-
cause both information acquisition ways need to be ful lled. Real estate is one of these
products, according to the survey of lacobucci (1992), where a condo is described with
Search as well as Experience qualities. Setting the SEC theory back in the market and
principal-agent-context, information asymmetries exist not only because of the agent's
superior knowledge but also because of the increased search costs for the principal for
the Experience qualities like the safety of a neighborhood or the condition of a house.
In particular, while consumer goods like washing powder or food can be evaluated
by sampling, due to the high acquisition costs of real estate and a complex purchase
process in some countries, experiencing the qualities through a purchase is often im-
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possible. This setting might also be amplied on real estate platforms because only
the information displayed can be used to evaluate the product, but touching, smelling,
or experiencing the house is not possible. Despite this hurdle, information technology
can be an enabler to simplify product evaluation according to Klein (1998). Di er-
ent technologies transform experience criteria to search quality. We posit in Paper 5
(Kucklick et al., under review), that through newly emerging technologies like ML and
Geographical Information Systems (GIS), Experience qualities can be transformed to
Search qualities by making them measurable and expressive from newly available data
sources (unstructured data). This helps to capture aspects like safety of the neighbor-
hood, aesthetics or noise levels, which needed to be experienced before to be included
in the decision and pricing process. As now these information can be made expressive
(hard information), it can be used in AVMSs to increase their predictive performance.
The connection between the principal-agent theory, SEC theory, and the work of Klein

is visualized in Figure 2.2

Figure 2.1.: Theoretical visualization of SEC Theory. Search qualities are available be-
fore the purchase at relatively low costs. To collect Experience qualities,
the product or service has to be purchased plus consumed to get informa-
tion about this characteristics. Credence qualities are nearly impossible to
evaluate due to extremely high costs to acquire.

While the SEC theory and linked microeconomic observations are other lenses to view
real estate appraisal, this line of theory is not in focus in appraisal, arguably because
it only describes the search process. However, it does not directly help to make pricing
decisions. Nonetheless, as we will see in the following chapters, the SEC theory will
help to uncover interesting insights in real estate appraisal.
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Figure 2.2.: Principal-Agent Theory and SEC Theory in the context of real estate ap-
praisal (Darby & Karni, 1973; Klein, 1998; Nelson, 1970). First, Experience
gualities can be transformed through technology to Search qualities (Green
line and box) by mining newly available data sources. These information
are available for the principal. Second, this helps to reduce information
asymmetries (blue box) to move the information barrier away from the
principal (bold blue line). Icon Kiranshastry (n.d.) by Flaticon.com.

2.1.3. Machine Learning for real estate appraisal

Previously, economic motivations for real estate appraisal have been discussed. Subse-
guential, we will start analyzing technical ML aspects in the subsequent chapters.

Due to the similarities of the hedonic pricing model and the linear regression, this anal-
ysis technique was often used in the past (Law et al., 2019; Limsombunchai, 2004).
Variables describing the utilities are often fact-based and are represented in a vector or
tabular format, including, for example, the size (in square feet, number of (bath)rooms),
age, special amenities like replaces or pools, and the neighborhood the house is lo-
cated (Kok et al., 2017; Limsombunchai, 2004; W. McCluskey et al., 1997; Potrawa &
Tetereva, 2022; Sing et al., 2021). To improve such algorithms, under the realm of ML,
more and more advanced models are used to raise the predictive performance (accu-
racy of the value estimates) by models like Decision Trees, Random Forest, Gradient
Boosting, or dense neural networks (Kok et al., 2017; Limsombunchai, 2004; W. J. Mc-
Cluskey et al., 2014, 2013; B. Park & Bae, 2015; Potrawa & Tetereva, 2022). Many
of these models are non-parametric; thus, no assumption about the model and the
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variable interdependency needs to be made. Consequently, the models are, in math-
ematical terms, very exible to t a given feature space by automatically modeling
non-linearities and interaction e ects (James, Witten, Hastie, & Tibshirani, 2013; Liao

& Varshney, 2021). This suits the necessary criterion in real estate appraisal of having
exact estimates (Pagourtzi et al., 2003; S. Peterson & Flanagan, 2009).

Up to this point, the described real estate models focused only on using tabular data,
which hold the classical real estate variables like size, age, and amenities. The following
section will introduce Computer Vision (CV) and image analysis techniques. In the
following chapters, we will see how to use this information for real estate appraisal.

2.2. Deep Learning for image data

Convolutional Neuronal Network (CNN) are one type of Deep Learning (DL) algorithm,
often used to analyze images (Kraus, Feuerriegel, & Oztekin, 2020; LeCun, Bengio, &
Hinton, 2015). DL excelled in the last years because the algorithms are representation
learners, so they can handle the extraction of various features from raw and unstructured
data. This functionality sets them apart from classical ML algorithms, which can only
learn on extracted and preprocessed variables, where a part of the information gets
lost in the transformation. For example, while CNNs use the ‘raw' image, CV with
ML requires to extract variables, e.g., the color distribution by transforming the image
into Hue, Saturation, Value (HSV) representation (Joblove & Greenberg, 1978), or
Histogram of Oriented Gradients (HOG¥ features, which are a summary of the image
in a vector format (Dalal & Triggs, 2005). For example, the green color distribution
extracted from satellite images was used in real estate appraisal as a proxy for urban
density and vegetation (Kostic & Jevremovic, 2020). Nevertheless, learning from the
raw features like pixels can increase the predictive performance of an algorithm because
more information is kept, making CNNs a popular choice for CV (Kraus et al., 2020).

2.2.1. The nature of image data

Before explaining CNNs in-depth, more details on raw image data should be explained.
An image is a three-dimensional tensor of image height, width, and the number of

2 HOG creates a histogram of the direction (orientation) of found edges in (subspaces of)

the image. HOG can be used to transform the image tensor into a vector representation.
HOG features, for example, are used to train a classical ML model (Support Vector
Machine) to detect pedestrians in images (Dalal & Triggs, 2005).
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channels (Figure 2.3). The value for each cell is typically between 0 and 255. The
number of channels is three for a colored image, representing the amount of Red, Green,
Blue (RGB) colors at each pixel. In Figure 2.3, the area in the red bounding box in the
original image is visualized as the RGB matrix, which the computer uses. Nevertheless,
di erent kinds of images have di erent numbers of channels. For example, black-and-
white images have one channel. Magnetic Resonance Imaging (MRI) produces images
with many channels, each representing one scan at one depth of an object. In other
images, like satellite images, there are additional channels to the RGB, capturing laser
or radar wavelengths to understand more aspects of planets, like atmospheres, amount
of water on the surface or vegetation (L. Chen et al., 2018; Donaldson & Storeygard,
2016; LeCun et al., 2015).

Figure 2.3.: Visualization of a three-channel image (RGB) as image and matrix. The
area in the read bounding box in the original image is transformed to the
RGB matrix on the right. Original image provided by George (2020).

Images di er from structured data as the order of the variables in structured data does
not matter for the outcome. Assuming that a house can be described by three variables
(number of rooms, size, and neighborhood), in Figure 2.4 (A), two houses are described.
When the order of the variables is changed, the table on the right still describes the
identical houses as the table on the left. Thus, an algorithm trained on the left and
another on the right table should have the same results when it is deterministic. For
example, in a linear regression, only the coe cient order will be changed according to
the change in the order of the variables.

However, this property changes in images. An image has a lot of spatial dependencies.
One pixel or even a small local region is connected to other regions. When the order of
regions changes, as in Figure 2.4 (B), the image and its meaning change. In the middle
visualization of Figure 2.4 (B), it can be seen that one can not detect the window
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