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Abstract. For most people, buying a home is a life-changing decision
that involves financial obligations for many years into the future. There-
fore, it is crucial to realistically assess the value of a property before
making a purchase decision. Recent research has shown that artificial in-
telligence (AI) has the potential to predict property prices accurately. As
a result, more and more Al-based robo-advisors offer real estate estima-
tion advice. However, a recent scandal has shown that automated algo-
rithms are not always reliable. Triggered by the Covid-19 pandemic, one
of the largest robo-advisors (Zillow) bought houses overvalued, eventu-
ally resulting in the dismissal of 2,000 employees. This demonstrates the
current weaknesses of Al-based algorithms in real estate appraisal and
highlights the need for troubleshooting Al advice. Therefore, we propose
to leverage techniques from the explainable AT (XAI) knowledge base
to help humans question Al consultations. We derive design principles
based on the literature and implement them in a configurable real estate
valuation artifact. We then evaluate it in two focus groups to confirm
the validity of our approach. We contribute to research and practice by
deriving design knowledge in accordance with a unique artifact.
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1 Introduction

Buying a house is one of the major life events of a person [13]. One of the
most important questions is whether a house is appropriately valued, i.e., the
house is offered within a price range that reflects its assets and is comparable to
similar houses in terms of characteristics of the property and its surroundings.
Due to the manifold factors impacting a property’s value, its correct appraisal
is challenging [9]. Therefore, more and more companies provide Al-based sup-
port, so-called robo-advisors, in real estate appraisals. The latest business model
extension is that robo-advisors use their own appraisal algorithms to buy and
sell houses (called iBuyer). One of these iBuyers, Zillow, experienced an external
shock in the Covid-19 pandemic due to over-reliance on their AI advice. The
AT systematically overvalued houses offered for sale on the market resulting in
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the automatic acquisition of many overpriced houses. This eventually resulted in
such immense losses that the whole business unit had to be closed, accompanied
by the dismissal of a quarter of the employees [7]. One conscious design decision
of the real appraisal algorithm was that human intervention was not intended
[1]. However, this decision has turned out to be a mistake in disruptive times,
such as a pandemic, as no human experts adjusted the house price forecasts.
Research has shown that human adjustments in the context of uncertainty and
existing unique human contextual information can help make systems more re-
silient [2]. To conduct positive adjustments, humans need to judge the quality
of AI advice. To enable experts to do so, they need information on the knowl-
edge base and reasoning of the AI. To address this requirement, we draw from
the research stream of explainable artificial intelligence (XAI) [5]. XAT aims to
open the “black-box” of Al and provides the user with understandable insights
into the AI’s decision-making [5]. Based on XAI literature, we derive design
knowledge and develop a configurable artifact for resilient robo-advisors in the
context of real estate appraisal with the goal to better enable users to assess the
quality of the suggested valuation. Subsequently, we evaluate our artifact in two
focus groups that indicate the usefulness of our design. In future research, we
additionally aim to evaluate its efficacy quantitatively.

2 Design of the Artifact

2.1 Design

We derive four design principles (DPs) according to Gregor et al. [8]. They are
based on existing justificatory knowledge and are instantiated as design features
(DFs) in the artifact. Research has shown that psychological factors can prevent
the user from effectively adjusting AT predictions [4]. Especially, the anchoring
effect and information overload are important to consider [4,10]. The anchoring
effect refers to a cognitive bias that describes how the user builds predictions
based on reference points, e.g., the Al's advice [4]. If the anchor effect is too
strong, the user may have difficulties adjusting the AI prediction. Information
overload describes the phenomenon that the user is overwhelmed by the amount
of information which reduces their processing capability [10]. Therefore, we for-
mulate:

DP1: Provide the system with a configurable interface that shows the infor-
mation on demand to prevent anchoring and information overload.

Research has shown that providing humans with information on the uncer-
tainty of the AT helps to judge the quality of the AI advice [17]. Therefore, we
formulate:

DP2: Provide the system with a prediction uncertainty measurement to judge
the quality of the Al advice.

Sensitivity analyses offer the possibility to analyze how different values of in-
put features influence the ADl’s prediction[16], e.g., changing the number of bed-
rooms, allowing to evaluate the robustness of the prediction iteratively. There-
fore, we formulate:
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DP3: Provide the system with capabilities to perform a sensitivity analysis
to explore the Al’s solution space interactively.

Another possibility to evaluate the quality of the AI’s decision is to provide
the user with insights into the AI’s decision-making process, which allows them
to compare it with their own reasoning. An analogy is an interaction between
a human advisor and a client. To assess the advice’s quality, the client will ask
the advisor to express the reasoning behind a proposed decision. Based on the
insights, the decision-maker determines whether to rely on the advice or not.
We hypothesize that a similar logic should hold for a robo-advisor. Therefore,
insights in the decision-making process can be seen as discrimination support
for the decision-maker to assess whether to rely on the AI [3]. Therefore, we
formulate:

DP4: Provide the system with explanations for the AI’s reasoning to enable
appropriate reliance on Al advice.

2.2 System Overview

Figure 1 displays the DPs and their instantiation through resulting DFs. We
display the information about all relevant features of a property by default.
The information is presented in the table’s left part as name-value pairs and an
image of the house in the right corner. To address DP1, the user can display
AT predictions and explanations on demand. This design feature prevents the
human from anchoring on predictions and explanations of the Al and aims to
reduce the information load (DF1).

To provide the user with intuitive information on the reliability of a spe-
cific prediction (DP2), its confidence, displayed as a 95% confidence interval, is
communicated alongside the prediction (DF2).

To address DP3, we implement a what-if analysis [11, 16] (DF3). The values
of the given instance can be adjusted as displayed in Figure 1. The user can
change numerical values by using a slider. This slider uses an interval ranging
from the minimum to the maximum value of the respective feature occurring
in the data set. The difference to the base instance is presented with blue and
red color-coding. The two buttons located in the header can be used to refresh
the prediction or to reset the values. The resulting interactive prediction is high-
lighted in a yellow box.

To provide the user with insights into the decision-making process, the follow-
ing XAI method is used (DP4): We implement the feature importance algorithm
LIME (DF4) [12]. It displays the degree and direction each feature contributes
to a decision made by the AI. The direction can be either in favor or against the
prediction. Color-coded bar graphs are used to visualize these values.

The second method provided in our prototype is an example-based explana-
tion approach (DF5). Research has shown that especially example-based expla-
nations are intuitive for humans and contribute to better understanding the AI’s
reasoning [6]. The idea is to offer the user the possibility to compare a given in-
stance with reference examples. Working with real-world examples similar to the
base instance can help humans better understand whether the AI’s prediction is
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Examples
Name Vae  iteractve @ O §  Featwelmportance & §  EBamplel  Exampie2

$362500 $240000 2> 4
Total Area (sq ft) 0493 m 9493 m - 0507 (+14) 9477 (-16) m
Living Area (sq ft 1490 1490 1520 (+30) 1450 (-40)

Basement Area (sqft) 0 0 0 0

No of Floors 1 1 1 1
No of Bedrooms 3 3 ' 3 3
- $ 306 K

No of Bathrooms 175 175 1(0.75) 15(-0.25)

1
Year of Construction 1976 1976 1954(22) 1963 (-13) Al Predictian

Price: $415K Gl

Year of Renovation 0 0 0 0

Condition (0-5) 4 4 3¢1) 4
DF3
Grade (0-13) 8 6(2 - 7(1) 7¢1) DF2

Waterfront 0 0 0 (i

View 0 0 0 0

Fig. 1. The graphical user interface of the proposed prototype.

realistic. In addition, further examples provide insights into the knowledge base
of the AI. The user can interactively select as many examples as desired.

Regarding the specific instantiation of the artifact, we choose a random forest
regression as a model. The random forest has a mean average error of 104,000$
on a test set in which the house prices range until 7,700,0008. The instantiated
artifact is accessible as an online application. The backend is based on the pro-
gramming language Python with Flask as a framework. The data is stored in a
MongoDB, while the frontend is based on Angular.

2.3 Demonstration

Figure 1 highlights the functionalities of the prototype with an example. In the
example, the Al predicts a house price of 415,000k$. However, the historical mar-
ket value of the home is below this value at 312,000$. Therefore, the user should
be able to determine that the AI prediction has a low quality and should adjust
it. The user in Figure 1 enabled all possible DFs—the prediction and uncer-
tainty information, the sensitivity analysis, feature importance, and examples.
Furthermore, the user performed a sensitivity analysis and slightly decreased
some input factors. After these small changes, the Al predicts a considerably
lower price of 284,000%. In addition, the feature importance shows a counterin-
tuitive result. Both examples display cases very similar to the analyzed house
but at a lower price (362,500$ and 240,000$). Overall, the sensitivity analysis,
the feature importance, and both examples indicate an overvalued prediction of
the Al and point towards an adjustment towards a lower house price. We argue
that our design knowledge should help assess the quality of an Al prediction in
real-world situations and enable users to adjust it accordingly.
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3 Evaluation and Outlook

To evaluate the prototype, we used exploratory focus groups [15]. In general,
focus groups are valuable for design research projects because they allow for
direct interaction with respondents and for collecting large amounts of rich data
[15]. In addition, exploratory focus groups aim to generate formative feedback
for artifact refinement. We used a digital whiteboard to capture and structure
the feedback. Our goal was to discuss the usefulness of the proposed DFs and
thereby generate feedback for the refinement of the artifact. For the selection of
the participants, we used purposeful sampling [14]. We searched for participants
that have knowledge of human-Al collaboration and are at a representative age
for buying a house. In total, 13 participants and two researchers participated in
two sessions. We conducted two focus groups, one with a smaller group to facil-
itate more extensive exchange and one with a focus on collecting broad ideas.
For both focus groups, the moderator was one of the primary researchers. Each
session lasted 90 minutes. We first demonstrated the prototype to the partic-
ipants during each session and led them through the different options using a
click-through approach. Then, we let them freely use the prototype on their
own. Next, we iteratively discussed three prediction examples, each with vary-
ing prediction quality. After each property, we collected feedback in a structured
way by asking the participants to note down how the specific DF helped them.
Afterward, we disclose the actual market value and ask for feedback again. In
the first focus group, one participant criticized the difficult interpretation of
state-of-the-art feature importance: “I was more bothered by the logic of the FI”
(Alpha). Another participant mentioned the current complexity of the tool when
enabling multiple XATI techniques: “When multiple explanations are shown, they
can be independently confusing” (Gamma). In the second focus group, partici-
pants strongly highlighted the need for more global explanations of the Al i.e.,
information about the underlying data as they stated: “Show summary statistics
to the user and examples of correct (and incorrect) predictions” (Alpha). Addi-
tionally, one participant mentioned that we should “enable comparison options
for the interactive feature, so the user does not have to remember the values of
the last attempts” (Delta). Both focus groups highlighted the potential of the
prototype and that it enables them to assess the quality of the Al advice. Overall,
we could demonstrate the validity of our idea, the DPs, DFs, and instantiation.
Furthermore, we could collect data for further refinement.

In this prototype paper, we propose design knowledge for resilient robo-
advisors and build an artifact for house price appraisal for prospective real estate
buyers and sellers. Based on existing literature, we derive design principles and
instantiate them in the form of a configurable artifact. The feedback collected
from two exploratory focus group workshops substantiated the utility of the ar-
tifact. With our work, we contribute to research and practice by deriving design
knowledge as well as developing a unique artifact for real estate appraisal. In
future work, we will incorporate the qualitative feedback, conduct additional
confirmatory focus groups [15], and explore the utility of the artifact quantita-
tively in the form of a large-scale user experiment.
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