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ABSTRACT 
The “wisdom of the crowd” refers to the phenomenon where by the 
average estimate of a group is superior to the estimate of any indi-
vidual within the group, even if that individual is an expert and the 
others are not. When applied to real estate, it demonstrates that a 
group of non–real estate professionals can arrive at a more accurate 
physical property categorization than a real estate expert. 
Importantly, this more accurate assessment of the property’s physical 
condition can be achieved by merely viewing photos of the prop-
erty. This appraisal trend makes the finding even more relevant to 
practical implementation.
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Introduction

The wisdom of the crowd (WoC) refers to the idea that a group of people generally has 
more knowledge and insight than an individual. Galton (1907) was the first to describe 
this effect when he found that the average of all estimates of the weight of an ox was 
closer to the actual weight than any single estimate by an individual. This effect gained 
popularity through Surowiecki (2004) and van Dolder and van den Assem (2018), who 
successfully applied this principle to improve economic forecasts, medical judgments, 
and meteorological predictions.

We apply the wisdom of the crowd to real estate to classify the physical condition of 
a property. We focus on the property’s condition because it is a physical characteristic 
that can be visually assessed and because it is a crucial factor influencing market value 
(Miller et al., 2018). Unlike other objective variables, such as age or square footage, this 
assessment is based on the appraiser’s individual qualitative and subjective judgment, 
which is obtained from a visual inspection of the property. During the COVID-19 pan-
demic, appraisers relied heavily on property photographs due to restrictions on physic-
ally entering homes. This practice has now been widely integrated into the appraisal 
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process. As such, appraisers often rely on photos of the inside of the home to make 
value judgments.1 Given that visual representations are known to bias individuals’ deci-
sion-making (Winkielman & Gogolushko, 2018), we examine whether the WoC can 
improve home price estimates and thus mitigate a potentially evoked subjectivity bias in 
individual condition assessments.2

People are generally viewed as having bounded rationality because they do not pos-
sess as much information as they desire and suffer from limited foresight regarding 
future events (Simon, 1955). In behavioral economics, the term “satisficing” is widely 
used to describe the willingness to accept a “good enough” solution, since cognitive lim-
itations and time constraints make identifying a Pareto optimal solution unrealistic. 
However, when these imperfect assessments are aggregated from independently and 
identically distributed individuals3 and diverse groups using a decentralized aggregation 
mechanism that fosters specialization, superior predictions are achieved as individual 
prediction errors are canceled out.4

Shanteau (1995) and Armstrong (1980) see no substantial advantage of expertise in 
individual predictions, as expert judgments are often inconsistent with those of other 
experts and even with themselves over time. In a real estate setting, appraisal smoothing 
bias is well established, and as such, it lends itself to an ideal testing ground to examine 
the wisdom of the crowd.

In this study, we conduct an experiment comparing physical condition assessments of 
10,200 single-family homes made by non–real estate professionals with those made by a 
real estate valuation expert, using only photographs. This approach replicates the envir-
onment of “drive-by” or mass appraisals. The results demonstrate that the aggregation 
of property condition assessments (i.e., the wisdom of the crowd) stochastically domi-
nates that of the expert appraiser after incorporating the views of 27 nonprofessionals in 
the Monte Carlo simulation. Essentially, the WoC effect, even when derived from individ-
uals without real estate valuation experience, can mitigate the subjectivity bias inherent 
in the assessment of a single real estate professional.

Literature Review

The WoC phenomenon has been applied to various areas such as economic and political 
forecasts (Budescu & Chen, 2012; Mellers et al., 2014), public policies (Morgan, 2014), 
financial markets (Ray, 2006), nuclear safety (Cooke & Goossens, 2008), as well as to cre-
ate actionable, spatially specific data for land use decisions (Brown, 2015). In WoC predic-
tions, incorporating the opinions of individuals who are more knowledgeable about the 
subject improves the accuracy of the predictions (Murr, 2011). Moreover, a smaller group 
of experts can often make more accurate predictions than a larger crowd of uninformed 
individuals (Goldstein et al., 2014). However, it is important to acknowledge that biased 
individuals and the potential for information sharing or communication among partici-
pants can lead to erroneous results (Kao et al., 2018; Lorenz et al., 2011; Palley & Soll, 
2019). Therefore, identifying underperforming individuals and excluding them from the 
crowd can be beneficial (Budescu & Chen, 2012).

The WoC is not limited to mere estimation tasks; it also plays a significant role in pre-
diction markets. An example of this is the financial market’s reaction to the space shuttle 
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Challenger disaster in 1986. The stock market quickly adjusted the share price of the 
implicated company within the first day following the accident (Maloney & Mulherin, 
2003). This underscores several critical components necessary for the WoC to function 
optimally: a diversity of opinions that enriches the group’s collective knowledge, 
obtained from individuals with private insights; independence in decision-making, high-
lighted by the lack of private communication immediately after the crash; decentraliza-
tion, where individuals’ specialized knowledge contributes to the overall understanding; 
and an effective aggregation mechanism, in this case, the stock market price, which 
translated private judgments into a collective conclusion. Remarkably, the stock market 
demonstrated superior predictive abilities than other mechanisms in determining the 
outcome of the ensuing investigation, delivering insights at a remarkably swift pace. This 
principle echoes the findings of the famous ox weight estimation experiment by Galton 
(1907), wherein the aggregate judgment of the crowd proved more accurate than that 
of any single individual.

In the realm of visual judgment and the WoC, research suggests that a simple majority 
voting mechanism is the most effective method of aggregation, yielding optimal results 
(Hastie & Kameda, 2005; Juni & Eckstein, 2017). Remarkably, even the combined decision 
of just two individuals can result in superior outcomes compared to singular judgments 
(Bahrami et al., 2010; Koriat, 2012). Given that the assessment of a home’s condition 
involves evaluating multiple individual factors, it is important to recognize that the WoC 
effect extends to combinatorial problems. In such scenarios, various components come 
together to inform the final prediction (Yi et al., 2012). This suggests that leveraging the 
WoC in tasks requiring the integration of diverse pieces of information can significantly 
enhance decision-making accuracy.

Our research highlights the significant impact of the WoC effect across various scien-
tific disciplines, while its application in the realm of real estate valuation is just begin-
ning to be explored. We see a considerable opportunity in applying the WoC to assess 
the condition of real estate properties. Specifically, the condition variable not only 
enhances the accuracy of real estate pricing models but also is frequently overlooked in 
valuation processes (Miller et al., 2018). This oversight leads to renovation bias, which 
can distort property price indices by not fully accounting for the quality improvements 
from renovations, thereby potentially overstating overall price growth in time-series com-
parisons (Bogin & Doerner, 2019).5 The significance of property quality and condition is 
underscored by Knight and Sirmans (1996), Wilhelmsson (2008), and Francke and van de 
Minne (2017), who note that neglected maintenance can significantly decrease a prop-
erty’s value over time (Francke & van de Minne, 2017), though it may not affect the likeli-
hood of a sale (Billings, 2015). Additionally, the condition of a property not only affects 
its market value but also has a profound impact on the mental and physical health of its 
occupants (Palacios et al., 2021). Interestingly, despite the game-theoretical optimal deci-
sion being renovation rather than abandonment, new properties are often preferred 
over those requiring ongoing maintenance (Simmons-Mosley, 2003).

The inclusion of a condition variable in real estate valuation is significantly influenced 
by the party responsible for disclosure. Brokers’ decisions on whether to disclose prop-
erty condition defects are shaped by a variety of factors, including associated costs, pre-
vailing market conditions, potential commissions, and legal considerations (Wiley & 
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Zumpano, 2008). The enactment of disclosure laws pertaining to property conditions 
serves to mitigate market risk premiums (Nanda & Ross, 2012). In addition, the architec-
ture of a property (Ahlfeldt & Mastro, 2012; Buitelaar & Schilder, 2017; Lindenthal & 
Johnson, 2021) and its overall attractiveness (Johnson et al., 2020; Wang et al., 2019) sig-
nificantly influence real estate prices. The role of property images is pivotal in valuation 
processes (Kostic & Jevremovic, 2020), often leading to elevated sales prices (Benefield 
et al., 2011).

While existing literature extensively explores the impact of property condition on pric-
ing, there is a notable paucity of discussion concerning the direct assessment or estima-
tion of condition itself. Research tends to concentrate on biases within real estate 
behavior, such as the influence of previous contract prices on appraisers’ valuation deci-
sions (Eriksen et al., 2020). Although visual inspections are crucial for precise valuation 
and effective marketing, they are susceptible to bias. In that regard, Hebdzy�nski (2023) 
finds that aligning textual and visual quality signals through methods such as supervised 
machine learning algorithms can help bridge these gaps, with a notable consistency 
observed between the two in both sales and rental markets, suggesting a strategy to 
improve real estate market analyses.

Presenting a property neutrally, particularly in visual terms, poses a challenge. Various 
elements, including emotionally charged images or variations in lighting, can significantly 
affect decision-making processes (Lakens et al., 2013; Orquin et al., 2018; Winkielman & 
Gogolushko, 2018). These biases extend to the real estate market, where disparate pre-
sentations of an identical property result in fluctuating or biased valuations (Gillingham 
& Watten, 2024; Koch et al., 2021; Luchtenberg et al., 2019; Thaler & Koch, 2023). 
Moreover, a property’s valuation is influenced by visual perceptions of its surroundings 
and neighborhood, encompassing aspects such as home upkeep, the dimensions of adja-
cent buildings, and the general state of the neighborhood (Ding et al., 2000; 
Leguizamon, 2010; Pavlov & Blazenko, 2005; Turnbull et al., 2006; Zabel, 1999). The prox-
imity to mixed-use developments (Nakamura et al., 2018), waste facilities (Aydin & Smith, 
2008; Ready, 2010), or green spaces, whether public or private gardens, also impacts 
property values via visual cues (Turner & Seo, 2021; Voicu & Been, 2008).

In summary, existing research underscores the promising application of the WoC in 
residential real estate valuation. Additionally, these studies highlight the critical impor-
tance of property condition in valuation processes and point out the significant distor-
tions that visual factors can introduce into decision-making processes.

Methodology

Our methodological approach is fundamentally based on an economic experiment. 
Specifically, we engaged 102 nonprofessionals and one professional appraiser,6 asking 
them to classify the physical condition of 100 single-family homes into four distinct con-
dition classes. The participants were full-time and part-time students, 54 males, 47 
females, and one individual identifying as nonbinary. Their ages ranged from 18 to 54 
years, with an average age of 27. Of these students, 37 worked full-time, 40 were part- 
time employees, and 21 were unemployed. They all attended different courses in which 
they conducted the experiment. At the beginning of the lecture, they entered a 
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computer laboratory where they conducted the experiment online on separate com-
puters. The real estate professional was a court-certified appraiser with the highest level 
of certification and extensive experience in both industry and court settings, making him 
highly familiar with the market and its conditions. He conducted the experiment at a dif-
ferent time, separately from the students and independently of their results.

In the upcoming sections, we provide an overview of our experimental design and 
elaborate on the four classes of house condition as defined by official appraisal stand-
ards. We then analyze the outcomes of these classifications through a hedonic pricing 
model to assess their influence on property values. Our methodology is divided into 
three primary segments: (1) an overview of the experimental framework and the detailed 
criteria for the four condition classes; (2) an insight into the specific execution of the 
experiment and the incentives offered; and (3) a detailed description of our method-
ology for data analysis.

Structure of the Experiment

Our experimental method involves recruiting nonprofessionals to undertake a compre-
hensive series of tasks designed to gauge their perceptions regarding the condition of 
single-family homes. A thorough explanation of the experiment is outlined in Figure 1.

Task 1 (T1) – Demographic Questions
Participants begin the experiment by answering a series of demographic questions in 
Task 1. These questions cover a range of topics, including their field of study, employ-
ment status, gender, and age, with the objective of establishing a comprehensive profile 
of the diverse backgrounds represented in our participant pool. To ensure ease of 
response and clarity, the questionnaire is designed in a user-friendly manner, utilizing 
either a radio matrix or a checkbox format.

Task 2 (T2) – Visual Comparison of Condition Classes
In Task 2, participants engage with a dynamic visual exercise designed to deepen their 
understanding of the four property condition classes. Each class is represented by two 
images, accompanied by detailed descriptions that highlight the characteristics unique 
to each class, as defined by the official guidelines of the Association of Appraisers. 
Participants are asked to compare these images and articulate the perceived differences 
between the classes. This task is facilitated through the use of a radio matrix, allowing 
participants to rate the level of dissimilarity on a scale from 1 (no discernible difference) 

Figure 1. Tabular display of conducted treatments and their consecutive tasks. Both treatments start 
by asking demographic questions ([[INLINE FIGURE]]) and questions regarding real estate employment 
and experience in Task 1 (T1). In Task 2, participants have to assess the difference among the four 
condition classes based on two sample images per class (T2). The next task (T3) depicts 100 pictures 
beginning with five treatment photos that show a property in different states (two black and white, 
zoomed, mirrored, and duplicate). The opposite effect is shown again at the end of this task.
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to 7 (a significant difference). An example of this exercise is detailed in Appendix 
Figure A1.

Main Task (T3) – Property Assessment by Condition Classes
Task 3 represents the key component of the experiment, where participants are pre-
sented with a series of 100 screens. On each screen, they are tasked with assessing the 
condition of a property based on a single front-view image. To aid in their evaluation, a 
detailed table describing the four condition classes is provided, guiding participants to 
focus solely on the property’s condition. The classes are organized from highest quality 
(Class 1) to lowest quality (Class 4). Considering the potential for diminished attention 
over an extended period, and in an effort to maintain a feasible duration, the experiment 
is designed with 100 images. Participants are expected to spend an average of 10 to 
15 seconds reviewing each picture, resulting in a total completion time of around 
20 minutes.

The classification system used in the experiment is aligned with various building com-
ponents, such as construction quality, roofing, facades, and windows and exterior doors, 
condensed into the four categories. Class 1 denotes properties with high-quality con-
struction materials, recent construction years, and sophisticated design elements, repre-
senting the highest standard. Class 2 corresponds to properties with medium-quality 
materials, showcasing solid construction without necessarily being new, and with min-
imal depreciation. Class 3 describes properties with lower-quality materials, older con-
struction, or those in need of minor renovation. Finally, Class 4 applies to properties that 
either are on the brink of demolition or require extensive renovations, with the renova-
tion costs outweighing the building’s value, thus highlighting the land’s value as the pri-
mary consideration. Participants are tasked with categorizing each home into one of 
these four classes, using a radio matrix located beneath the photo of the property. For a 
depiction of this classification process, refer to the illustrative screenshot in Appendix 
Figure A2.

The employed dataset comprises a collection of 92 single-family houses, all sourced 
from an online real estate brokerage platform featuring properties for sale in Austria. The 
selection encompasses a wide variety of house types—including single-family homes, 
townhouses, and luxury villas—spanning Austria’s geographic area, from major cities 
such as Vienna, Graz, and Linz to more rural locations. This diversity ensures a compre-
hensive representation of different construction dates, sizes, and regions within Austria, 
offering a nuanced understanding of the country’s real estate landscape. The data collec-
tion period extends from January 2020 to August 2020. Notably, homes constructed after 
2018 were excluded to eliminate any potential bias toward newly built homes typically 
sold on the primary market.

In addition to images, we selected key housing characteristics such as municipality, lot 
size, building size, year of construction, and pricing information. In our analysis, the front 
image, building characteristics, and aggregated land prices are utilized as independent 
variables in a hedonic regression model. The properties chosen for the experiment were 
specifically selected to minimize the visibility of their surroundings, with the exception of 
the pool treatment image, in an effort to reduce the environmental impact on valuation 
and mitigate potential biases due to subjective judgment. Our focus is primarily on the 
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structural quality/value rather than the view’s value, as incorporating the entire property 
value would necessitate considering the property’s surroundings.

Participants were randomly divided into two groups, each exposed to a unique treat-
ment. This involved varying the treatment and control images placed at the beginning 
and end of the task. The treatment images featured specific modifications such as zoom-
ing, grayscale conversion, altered color intensity (high intensity in pink), redundancy, and 
image mirroring to investigate potential biases in the participants’ classification judg-
ments. Additionally, the experiment incorporated duplicate control images to assess the 
consistency of participants’ responses.

Figures 2 and 3 showcase the treatment images used in the experiment, including 
two color photographs and one zoomed-in image that notably omits much of the prop-
erty’s surroundings, particularly the prominent pool in the garden. These images aim to 
assess the impact of subtle visual modifications on participants’ classification judgments. 
Recognizing that individuals’ decisions can be influenced by visual information biases, 
our experiment seeks to determine whether such minor image manipulations can signifi-
cantly affect classification outcomes. Of the 92 homes featured in the study, eight 
appeared twice to further explore biases; four of these duplicates were altered (two in 
black and white, one zoomed, and one mirrored) to delve deeper into the nuances of 
our primary research question.

Figure 2. Color treatment. 
The images in (a) show a Class 2 house painted in a recognizable color (treatment color, left) and 
depicted in black and white (treatment black and white, right). The images in (b) show a Class 3 
house which is painted in a recognizable color (treatment color, left) and depicted in black and white 
(treatment black and white, right).
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This experiment is designed to examine the complex relationship between visual stim-
uli, participant decision-making processes, and potential biases in evaluating property 
conditions. Through a detailed methodological approach, we seek to provide meaningful 
contributions to the understanding of visual perception’s role in real estate assessment 
and appraisal.

Implementation and Incentivization

Recall that the WoC effect can be harnessed using individuals who are not professionals 
in the relevant field. Surowiecki (2004) argues that decentralization involves the special-
ization of group members, where some individuals may possess varying degrees of spe-
cialized or general knowledge or experience. This diversity within the crowd tends to 
reduce the group’s overall estimation error (Page, 2008). To illustrate the potency of the 
WoC, we assembled a varied group of students, some of them unrelated professionally 
to real estate (N ¼ 48) and other part-time students (N ¼ 54) who have accrued profes-
sional and educational experience in the real estate sector. Despite criticism about using 
students in studies in which unfamiliarity with the subject matter and the need for life 
experiences and specific skills are concerns, our choice aims to explore the WoC’s effect-
iveness across a broad demographic spectrum. Our subjects range in age from 18 to 54, 
with diverse levels of professional training and life experience. This varied composition 
allows us to examine the resilience and applicability of collective judgment in contexts 
that do not strictly depend on specialized knowledge. Hence, it showcases the WoC’s 
utility in real estate evaluation by practically anyone. In line with this approach, we gath-
ered property condition classifications from a cohort of 102 students.

To encourage focus and optimal effort on the tasks presented, subjects receive a mon-
etary incentive. At the start of the experiment, the experimenter states that participants 
can earn up to 25 EUR. They are guaranteed 5 EUR for completing all questions in the 
experiment. After the tasks are explained, it is clarified that compensation is performance 
based, utilizing a coordination game–like payment scheme. In this scheme, payment 
depends not only on an individual’s assessment of the correct answer but also on con-
sensus within the group. This approach is inspired by the Keynesian Beauty Contest 
(Keynes, 1936), with coordination games detailed further in Schelling (1980). The final 
payment is determined through an aggregation mechanism, where the decision is 

Figure 3. Zoom treatment. 
The images show a Class 2 house that is not zoomed in and a pool (treatment unzoomed, left) and a 
house that is zoomed in and no pool (treatment zoomed, right).
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influenced by the choices of all other participants, similar to how economic free markets 
aim to allocate resources to their most effective uses (Chamberlin, 1948; Smith, 1962). 
This setup reflects the dynamics of the real-world property market, where opinions on 
the condition of a house are formed independently by every participant.

The incentive scheme operates as follows: to encourage participants to provide their 
most accurate assessment of a property’s condition, we rank them based on how closely 
their answer aligns with the group’s mode response. If a participant’s answer matches 
the mode of the group (with an average group size of 20 subjects), they earn a point. 
At the experiment’s conclusion, we calculate each participant’s score by comparing their 
individual answers to the group’s mode response. Subsequently, we rank the answers, 
with the highest scores indicating the top performers. The top quintile receives an add-
itional 20 EUR on top of the base participation fee of 5 EUR. Subsequent quintiles are 
awarded 15 EUR, 10 EUR, and 5 EUR, respectively, with the lowest quintile receiving only 
the participation fee. Payments are made discreetly in cash after the experiment con-
cludes. An experimenter and the participant finalize the payment process privately, 
including the distribution of payment receipts, in a separate room.

Data Analysis

After the conclusion of the experiment, we aggregate all 10,200 property condition 
assessments to determine the overall mode condition rating for each of the single-family 
homes. This process yields a WoC condition evaluation for all 92 homes in our dataset, 
which we then use as an independent variable in our hedonic pricing model. Initially, we 
develop a baseline hedonic pricing model that includes all available property features, 
such as land value (expressed in thousands), square footage, and construction age. A 
second model is then constructed to incorporate the property condition as well.7 Due to 
the availability of data on the age variable, this model is based on 74 observations. By 
comparing the two models, we evaluate the impact of adding a property condition vari-
able on the model’s accuracy, comparing both models to individual estimates and the 
collective judgment of the WoC.

Our baseline Model 1 (a) contains the following variables: land value, square footage 
of the property, and a second-degree polynomial function for the year of construction.8

For the dependent variable, we utilize the logarithm of the price. In our regression ana-
lysis, we include only homes that are unique to our dataset, specifically excluding those 
featured in the treatment images and ensuring they have a documented year of 
construction.

In the treatment models, we include the property condition assessment in three differ-
ent designs: Model 1 (b) incorporates the condition assessment of the real estate profes-
sional, Model 1 (c) includes the WoC assessment (the mode of the 102 subject 
assessments), and Model 1 (d) uses the individual assessment of each participant. The 
average coefficient of determination of the individual assessment of subjects is then 
compared to the WoC coefficient and the coefficient in the professional appraiser model. 
We also examine the general effect of the inclusion of a condition variable based on the 
comparison of the baseline model and the three models including a property condition 
variable.
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To maintain the integrity of our analysis, three duplicate photos, two in black and 
white, one mirrored, and one zoomed, are omitted from the primary hedonic pricing 
model. These images are designated as treatment images and, if included, could lead to 
inconsistencies in the analysis.

ðaÞ log ðPriceÞ ¼ fðpolyðyear, 2Þ, land value, square footageÞ
ðbÞ log ðPriceÞ ¼ fðpolyðyear, 2Þ, land value, square footage

þ Condition ExpertÞ
ðcÞ log ðPriceÞ ¼ fðpolyðyear, 2Þ, land value, square footage

þ Condition WoCÞ
ðdÞ log ðPriceÞ ¼ fðpolyðyear, 2Þ, land value, square footage

þ Condition IndividualÞ

(1) 

After estimating the regression models, we analyze the individual responses from sub-
jects. This involves analyzing the adjusted R-squared for each subject based on their 
independent property condition assessments. Our aim includes to gathering insights on 
the minimal crowd size that produces results superior to those of the professional 
appraiser. To achieve this, we conduct a Monte Carlo simulation with 10,000 iterations, 
randomly selecting from the total pool of subjects without replacement.9 We systematic-
ally increase the number of subjects included in the WoC regression (from 1 to 102 sub-
jects). For each increment, we run 10,000 simulations to calculate a collective condition 
assessment, which is then used as the condition variable for the individual buildings in 
our regression model.

The primary focus is to observe how the adjusted R-squared fluctuates with an 
increasing number of subjects, aiming to identify the moment the collective accuracy 
exceeds that of the professional appraiser. In essence, this methodological approach 
helps us identify the crowd size required to achieve the WoC effect, specifically deter-
mining the quantity of nonprofessional individuals needed to outperform the expert’s 
precision.

Last, to investigate whether deviations in the mode assessments of subjects—the WoC 
assessment—improve the hedonic model, we compare Model 1 (b) with a model based 
on Equation (2). This model introduces a factorial variable for deviations between the 
expert assessment and the WoC assessment into the hedonic model based on the 
expert’s assessment:

log ðPriceÞ ¼ fðpolyðyear, 2Þ, land value, square footageþ Condition Expert
þðCondition Expert − Condition WoCÞÞ

(2) 

The two models reveal whether incorporating additional information derived from the 
WoC assessment significantly enhances the model’s quality. Since the models are nested, 
we use an F-test to determine the impact of including the deviation variable.

Results

The difference between the WoC and professional assessments forms the foundation of 
the hedonic model. When analyzing the dataset, which includes the year of construction, 
we observe an accuracy of 68.9%. The confusion matrix detailed in Table 1 shows that 
20 pictures are rated in a higher class by the WoC than by the expert’s assessment. In 
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contrast, three properties are rated in a lower class by the WoC compared to the expert’s 
assessment, underscoring the assessment variation between the WoC aggregation mech-
anism and a single expert. In examining the discrepancies in the professional and non-
professional assessments across all individual photos, we note that 66% of the 100 
images are classified in the same category. Out of the 34 images classified differently, 
nonprofessionals place 27 of these homes in a class one level higher, while six images 
are deemed one class lower. There is a single instance of a home with a two-class 
deviation.

The subjects’ tendency to overestimate highlights a crucial aspect of the WoC mechan-
ism: while it aggregates diverse perspectives, it is not free from potential systematic 
biases such as overoptimism and anchoring, which can cause valuations to skew upward. 
However, this discrepancy also opens the possibility of a biased condition estimation by 
the professional appraiser. The pattern of subjects’ overestimation relative to the apprais-
er’s assessments carries significant theoretical implications. It suggests that the WoC is 
capable of leveraging diverse inputs to produce accurate outcomes under specific condi-
tions and hints at the possibility of individual expert biases leading to systematic errors 
in current appraisal practices. This observation is consistent with the literature on cogni-
tive biases and decision-making among appraisers and could represent an initial step 
toward mitigating such biases.

The practical implications of our findings suggest that crowd overestimation could 
lead to inflated property prices, aligning more closely with market values but potentially 
distorting market dynamics and impacting affordability. Therefore, our research high-
lights the essential need for a carefully considered application of WoC principles in real 
estate valuation. While the collective intelligence of the crowd offers a promising avenue 
for democratizing and enhancing property assessments, it is crucial to acknowledge and 
mitigate its limitations. To leverage the benefits of the crowd effectively while preventing 
potential overestimation, the introduction of checks, such as expert oversight and algo-
rithmic adjustments, is vital. Future research should evaluate additional measures for 
controlling and mitigating these effects in more depth, providing guidance on refining 
WoC applications in real estate and other fields.

The variability in the class assignments by the WoC, as shown in Table 2, plays a sig-
nificant role. The data reveal that, on average, Classes 1 and 4 receive 66% and 76% of 
votes, respectively, indicating that images categorized as Class 4 are more distinctly rec-
ognized by participants. Moreover, Class 2 images are equally prone to being misclassi-
fied as Class 1 or Class 3, whereas Class 3 images are less frequently mistaken for Class 4 

Table 1. Confusion matrix of the construction year restricted dataset.
Expert Classification

WoC Classification Class 1 Class 2 Class 3 Class 4 Total

Class 1 7 5 0 0 12
Class 2 1 22 10 0 33
Class 3 0 1 17 5 23
Class 4 0 0 1 5 6
Total 8 28 28 10

The number of matching class assignments between expert and WoC assessments are on the main diagonal. The lower 
class assignments of the WoC are below the main diagonal, and higher class assignments are above the diagonal.
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properties. Notably, despite exhibiting the highest standard deviation in vote counts, 
Class 4 images are most consistently identified correctly. This pattern underscores the 
varying degrees of clarity with which different classes are perceived by the participants.

As demonstrated in Table 3, our investigation into the WoC effect on property valua-
tions employs a straightforward hedonic model. By incorporating the mode property con-
dition assessment (i.e., the WoC condition classes) alongside variables such as land value, 
square footage, and year of construction, our WoC hedonic regression model achieves an 
adjusted R-squared of 0.728. When we compare this figure with the adjusted R-squared 
values of all individual assessment models—which range between 0.564 and 0.721, with 
an average of 0.623—we observe that the WoC model outperforms all individual models. 
The distribution of all the adjusted R-squared values is shown in Figure 4. Interestingly, 
regardless of the subjects’ level of expertise, any classification into any of the four condi-
tion classes positively impacts the model’s adjusted R-squared, with even the lowest-per-
forming assessment slightly improving the model’s fit compared to the baseline 
regression, which has an adjusted R-squared of 0.555. Additionally, when comparing 
assessments made by real estate students to those made by students in other study pro-
grams, no significant difference in assessment precision relative to the expert’s is observed, 
indicating that the WoC effect holds across varying levels of subject expertise.

In comparison, the hedonic model that utilizes the assessment by the real estate profes-
sional yields an adjusted R-squared of 0.701. This outcome suggests that the condition 
assessment based on all nonprofessional participants, or the WoC, enhances the model’s 
performance. A comprehensive model that includes all 92 assessed properties from the 
entire available dataset (excluding the year of construction) is provided in Appendix Table 
A2. Upon analyzing the coefficients associated with the three dummy variables for condi-
tion Classes 2 through 4, we observe a pattern consistent with the findings of Miller et al. 
(2018) and Palacios et al. (2021). Specifically, the lower the condition classification, the 
greater the discount applied. Essentially, properties of lower quality are subject to more 
significant value deductions. When we compare the expert’s assessment with that of the 
WoC, as illustrated in Table 3, it is evident that the discount for properties in Classes 2 and 
4, expressed in percentage terms due to the semi-log model, is more pronounced under 
the WoC framework. Conversely, for Class 3 properties, the deduction in value is similar 
across both the expert and WoC assessments, highlighting the nuanced differences in 
valuation adjustments between expert and collective assessments.

For further interpretation of the condition class coefficients, consider the exponenti-
ated coefficient of the expert Class 2 coefficient in Model (b) of Table 3, which is 

Table 2. Variation in the WoC class assignments.
WoC Classification

Class 1 Class 2 Class 3 Class 4

% Votes Class 1 66.3 18.1 0.6 0.0
% Votes Class 2 31.7 63.0 18.0 1.3
% Votes Class 3 2.0 18.5 68.8 22.7
% Votes Class 4 0.0 0.4 12.5 76.0
Standard Deviation 14.8 9.4 9.9 16.8
N 12 33 23 6

The columns indicate the classes assigned by the WoC aggregation mechanism. The rows % Votes Class 1 to 4 show 
the mean votes per class in the respective WoC classes. The row Standard Deviation depicts the variation of the abso-
lute votes in the WoC Classes 1 to 4.
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calculated as exp ð−0:421Þ ¼ 0:656: This result indicates that moving from the reference 
Class 1 to Class 2 is associated with a decrease in property value by approximately 
34.4%, calculated as ð exp ðbÞ − 1Þ � 100 ¼ ð0:656 − 1Þ � 100: For Classes 3 and 4 this 
would result in a reduction in value of 60.4% and 66.4%, respectively, if the class is 
assessed by one individual expert. For comparison, the WoC condition class assessment 
depicted in Model (c) yields an exponentiated coefficient for Class 2 of 0.579, which 
results in a 42.1% reduction compared to the reference class. For Classes 3 and 4, value 
would be reduced by 59.8% and 75.4%, respectively.

This significant difference between the expert’s assessment and the WoC assessment 
emphasizes the importance of property classification in determining market value. It offers a 
quantifiable measure of the impact of categorization based on the WoC on real estate valu-
ation. Additionally, this comparison illuminates the relative value differences between mod-
els that utilize the expert’s assessment and those that employ the WoC, highlighting the 
potential for the WoC to refine and enhance the accuracy of property valuations in markets.

The distinction between the two property condition models, as seen in Table 3 for Model 
(b) and Model (c), is supported by the Akaike Information Criterion (AIC) for each model. 

Table 3. Baseline and property condition pricing models for the professional and WoC estimates. 

Dependent Variable:

log(PRICE)

(a) (b) (c)

LAND VALUE [1K] 0.002��� 0.002��� 0.002���

(0.0003) (0.0003) (0.0003)
SQUARE FOOTAGE 0.004��� 0.003��� 0.003���

(0.001) (0.001) (0.001)
poly(YEAR, 2)1 2.098��� 0.393 0.264

(0.479) (0.491) (0.470)
poly(YEAR, 2)2 0.391 –0.387 –0.314

(0.469) (0.421) (0.405)
EXP_CLASS 2 –0.421��

(0.166)
EXP_CLASS 3 –0.927���

(0.186)
EXP_CLASS 4 –1.090���

(0.223)
WOC_CLASS 2 –0.546���

(0.135)
WOC_CLASS 3 –0.911���

(0.168)
WOC_CLASS 4 –1.402���

(0.214)
Constant 11.969��� 12.809��� 12.835���

(0.153) (0.221) (0.185)
Observations 74 74 74
R2 0.579 0.730 0.754
Adjusted R2 0.555 0.701 0.728
Residual Std. Error 0.464 (df ¼ 69) 0.380 (df ¼ 66) 0.363 (df ¼ 66)
F statistic 23.757��� 25.438��� 28.865���

Note: �p <0.1; ��p <0.05; ���p <0.01.
This exhibit shows results for the baseline regression as well as for the two regressions with the property condition 

assessment. The dependent variable in the baseline regression Model (a) is the log of the home price. The independ-
ent variables include land value, square footage, and the polynomial of the year of construction (year). In the profes-
sional Model (b), a dummy for the four condition classes is added (exp_class). In the WoC Model (c), the regression is 
extended by including a dummy for the mode subject’s assessment (WoC_class). The reference class in both models 
is the highest classification (Class 1).
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Figure 4. Histogram of the hedonic model adjusted-R-squared 
This exhibit displays a histogram of the distribution of adjusted R-squared for all subjects using the 
hedonic pricing model including the property condition assessment. The mean value of the adjusted 
R-squared of all individuals is the black dash-dotted vertical line, the guideline adjusted R-squared is 
dotted blue, and the WoC adjusted R-squared is solid red. The adjusted R-squared of the baseline 
model is depicted in dashed orange.

Figure 5. Break-even number of nonprofessionals opinions needed to achieve the professional’s level. 
This exhibit displays the number of nonprofessional property condition assessments needed to surpass 
that of a professional appraiser using a Monte Carlo simulation. The red dashed line indicates the 
WoC adjusted R-squared; the blue dashed line is the R-squared of the professional’s model. The hori-
zontal green line shows the 27 subjects in the Monte Carlo simulation that exceed the assessment 
quality of the professional.
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The model that incorporates the WoC assessment achieves a lower AIC (69.57) that the 
model based on the professional assessment (76.51). This suggests that the hedonic model 
including the WoC assessment provides a better fit. To assess the significance of the differ-
ence between the professional and WoC assessments, we construct a model that includes 
the real estate professional’s assessment along with a variable for the WoC assessment’s 
deviation from the professional assessment. This hedonic model reveals that the variable 
for positive deviation in the WoC assessment is highly significant, suggesting that a more 
favorable condition assessment by the WoC notably enhances model quality (detailed in 
Appendix Table A1). When comparing these two nested models—Model 1 (b) and Model 
2—an F-test, as shown in Table 4, confirms that the model incorporating the deviation vari-
able significantly outperforms the other. This evidence underscores the value of including 
the WoC assessment, particularly when it diverges positively from the professional evalu-
ation, to improve the accuracy and quality of real estate valuation models.

To determine the minimum number of nonprofessional subjects required to surpass 
the model quality (i.e., adjusted R-squared) achieved by the professional assessment, we 
conduct a Monte Carlo simulation. This simulation randomly draws 10,000 samples for 
each N, representing an increasing count of subjects, from the total pool of subjects 
without replacement. For each subset derived from the Monte Carlo simulation, we cal-
culate the WoC classification for each property. As we increase the number of subjects 
included in the WoC classification, we use the hedonic model to derive a price estimate 
that incorporates the simulated WoC variable. Our findings reveal that with an increasing 
number of nonprofessional subjects, the average adjusted R-squared for the random sub-
sets begins to surpass that of the professional assessment when the number of subjects 
reaches 27, on average. Figure 4 illustrates this phenomenon, highlighting the diminish-
ing marginal effects as the number of subjects increases. This analysis not only empha-
sizes the efficacy of the WoC in real estate valuation but also identifies a quantifiable 
threshold where collective nonprofessional judgments begin to offer superior model 
quality compared to individual professional assessments.

We also look into the influence of visual manipulations on the assessment of house 
conditions, as detailed in the previous section. In examining the treatment images, we 
discover that the presence of a pool in the Zoom treatment notably affects the classifica-
tion by nonprofessionals, skewing the assigned class to a higher category. This finding 
suggests that positive externalities in the surroundings or neighborhood can bias the 
evaluation of the property’s built quality. However, comparisons between color photos 
and black and white images, as well as the orientation of the image (whether it is mir-
rored), do not reveal any significant differences in assessment outcomes. Furthermore, 
our control images show no biases in the judgment of nonprofessionals at an aggre-
gated level, indicating a consistent evaluation process among participants. Therefore, we 
conclude that certain visual manipulations and presentation methods can indeed 

Table 4. ANOVA table for Model 1 (b) and Model 2 (Nested Models).
Res.Df RSS Df Sum of Sq. F-value Pr(>F) Sign.

Model 1(b) 66 9.55
Model 2 64 7.69 2 1.86 7.74 0.0010 ���

The table shows the F-statistics for the two models including the residual degrees of freedom, the residual sum of 
squares, the F-statistic, the p-value, and the level of significance of the nested model.
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influence the final assessment of property condition based on images, highlighting the 
need for careful consideration of these factors in property appraisal.

Conclusion

This study leverages a well-documented behavioral economic concept, the wisdom of 
the crowd (WoC), to enhance the assessment of property condition, thereby refining 
hedonic pricing models. Our findings indicate that the critical number of nonprofessional 
individuals required to exceed the expertise of a professional is 27.

Our findings demonstrate that the WoC is more precise at predicting variables that 
affect real estate prices. This insight is substantial, considering that the primary customer 
base in the housing market is the general population, not real estate experts. Therefore, 
it is understandable that property condition assessments for a considerable number of 
homes are influenced by factors such as the presence of a pool or the appeal of the sur-
roundings. Such deviations actually improve the precision of the prediction model, which 
is crucial because property prices are ultimately set by the general home-buying public.

Moreover, our findings reveal that aggregating individual, independent condition assess-
ments yields better price predictions within a hedonic model than relying on a professio-
nal’s singular assessment. This superior performance arises because a professional cannot 
fully capture the diverse preferences of market participants, a gap the WoC mechanism fills 
by weighting these various inputs in its aggregation process. It is important to note, how-
ever, that the tendency of subjects to overestimate suggests that although the WoC can 
integrate diverse inputs to generate accurate outcomes, it may also mirror systematic biases 
such as overoptimism. The practical implications of these findings underscore the potential 
for inflated property prices due to crowd overestimation, highlighting the necessity for 
expert oversight and algorithmic adjustments to refine the WoC approach and counteract 
its limitations. Given that attractiveness significantly hinges on personal preferences, future 
research should delve into how specific preferences for features such as pools, building 
materials, or other factors influence bias in property assessment and pricing models.

Given the general public’s greater willingness to share their assessments, in contrast 
to real estate professionals who may intentionally withhold their expert valuations, lever-
aging a group from the general population presents a significant opportunity for the 
price discovery process in an increasingly information-rich era. This approach is particu-
larly appropriate for variables that depend heavily on subjective judgments, especially 
those based on visual inspections in real estate valuation. This trend underscores the 
value of the WoC in enhancing transparency and accuracy in property valuation, tapping 
into the collective judgment and preferences of a broader audience.

Based on our findings, we recommend that future researchers explore the use of 
computer vision and machine learning algorithms to integrate assessments from the 
home-buying public into automated valuation models (AVMs). Incorporating the condi-
tion variable derived from images into AVMs and computer vision predictions necessi-
tates an objective assessment of the pictures to serve as a reliable ground truth. 
Therefore, the images used for the ground truth must reflect a condition assessment 
that aligns as closely as possible with market standards. Future studies should examine 
the effects of using a ground truth assessed by the WoC versus one evaluated by a 
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professional appraiser. This approach could offer an alternative to relying on the subject-
ive and potentially expensive opinions of individual appraisal professionals, but it also 
improve mass appraisals using image data. Given the prevalent reliance on the judgment 
of single real estate professionals to derive an “objective” value for properties, it is crucial 
to scrutinize the objectivity of such appraisals. This scrutiny invites the exploration of 
alternative methods that could provide a more objective estimate of true market value, 
leveraging the collective insights and perceptions of the broader market rather than the 
singular viewpoint of professionals.

In conclusion, our study highlights the effectiveness of the WoC in assessing the con-
dition of homes. By integrating a wide variety of viewpoints, we significantly enhance 
the coefficient of determination, thereby improving the accuracy of our predictions. 
Considering the crucial influence of the general prospective home-buying public on real 
estate prices, leveraging the WoC appears to be a logical progression for accurately pre-
dicting factors that impact home values.

Notes

1. This process has been termed a “drive-by appraisal” because appraisers often do not even step 
foot on the property. And if they do, it has become common to avoid entering the house. As 
such, even in a post-COVID era, appraisals are regularly completed without firsthand viewing 
of the interior of the home.

2. Seiler et al. (2012) use ocular tracking to examine the importance of photos in the home 
search process, while Johnson et al. (2020) and Benefield et al. (2011) document the 
importance of visual images in enhancing pricing models.

3. This concept is well illustrated by Galton (1907). All participants had private information, did 
not know one another, and did not share information on the ox before, during, or after 
posting their estimates of its weight. For these reasons, no herding behavior occurred either. 
Due to the independence and simultaneous decision-making of group members, participants 
are prevented from falling for information cascades, which would introduce bias into 
subsequent decisions (Bikhchandani et al., 1998).

4. For a list of early studies on group intelligence and the wisdom of crowds, see Surowiecki (2004).
5. Renovation bias in real estate refers to the distortion in property price indices resulting from 

quality changes due to renovations. This occurs when property values increase because of 
improvements, potentially leading to an overestimation of overall price growth if these changes 
are not adequately accounted for in time-series comparisons. Such bias can misrepresent market 
trends and investment performance over longer periods, highlighting the need for precise 
methodologies that incorporate renovation effects for more accurate property valuations and 
index calculations. For a recent study on renovation bias, see Mamre and Sommervoll (2022).

6. In reality, it is both infeasible and impractical to assemble a large group of expert appraisers 
evaluate a specific property or market.

7. In markets with lower transparency, valuations of single-family houses often rely on the cost 
approach. The commonly utilized hedonic pricing model includes 30–40 variables. Our method 
estimates the building’s value as the sum of the plot value (expressed in thousands) and the 
value of the building and its components. The professional appraiser assesses component 
values by considering manufacturing costs, making adjustments for facilities and location 
(reflected through land value), and accounting for factors such as age, quality, and 
construction deficiencies.

8. This accounts for the nonlinear relation between the year of construction and depreciation of 
the home.

9. Initial evidence on the necessary crowd size has been explored in Walter et al. (2022).
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Appendix

Figure A1. Screenshot of the Example Comparison Task. 
This exhibit shows sample images seen by the subjects when tasked with assessing the 100 homes in 
our sample across four different classes of property condition.
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Figure A2. Screenshot of the Condition Evaluation Task for One Sample Home. 
This exhibit shows what participants see when asked to evaluate the condition of the home.

Table A1. Regression models reflecting deviations between professionals and 
nonprofessionals.

Dependent Variable: 
log(Price)

LAND VALUE [1K] 0.002���

(0.0002)
SQUARE FOOTAGE 0.003���

(0.001)
poly(YEAR, 2)1 –0.091

(0.465)
poly(YEAR, 2)2 –0.593

(0.388)
EXP_CLASS 2 –0.556���

(0.156)
EXP_CLASS 3 –1.185���

(0.181)
EXP_CLASS 4 –1.444���

(0.222)
CLASS_DEV –1 –0.102

(0.209)
CLASS_DEV 1 0.393���

(0.102)
Constant 12.982���

(0.207)
Observations 74
R2 0.782
Adjusted R2 0.752
Residual Std. Error 0.347 (df ¼ 64)
F Statistic 25.545��� (df ¼ 9; 64)

Note: �p <0.1; ��p <0.05; ���p <0.01
This exhibit reports results from the regression including the professional condition assess-

ment variable and a variable of the deviation of the WoC assessment to the professional 
assessment together with the baseline hedonic model.
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Table A2. Regression Price of All Homes Excluding the Year of 
Construction.

Dependent Variable:

log(price)

(1) (2) (3)

LAND VALUE [1K] 0.002��� 0.002��� 0.002���

(0.0003) (0.0003) (0.0003)
SQUARE FOOTAGE 0.003��� 0.003��� 0.002���

(0.001) (0.001) (0.001)
EXP_CLASS 2 –0.310��

(0.153)
EXP_CLASS 3 –0.795���

(0.152)
EXP_CLASS 4 –1.007���

(0.172)
WOC_CLASS 2 –0.476���

(0.127)
WOC_CLASS 3 –0.865���

(0.133)
WOC_CLASS 4 –1.319���

(0.180)
Constant 12.084��� 12.776��� 12.854���

(0.141) (0.178) (0.155)
Observations 92 92 92
R2 0.439 0.664 0.692
Adjusted R2 0.427 0.645 0.674
Residual Std. Error 0.515 (df ¼ 89) 0.405 (df ¼ 86) 0.388 (df ¼ 86)
F statistic 34.865��� 34.037��� 38.613���

This exhibit repeats the regression results of the models with the year of construc-
tion removed.
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